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This doctoral thesis has processed the 1.1-km spatial resolution NOAA–AVHRR afternoon images available 
over the last three decades (1981 – 2015) to obtain a NDVI dataset for peninsular Spain and the Balearic 
Islands that is called Sp_1Km_NDVI. The method included calibration with post-launch calibration 
coefficients, geometric and topographic corrections, cloud removal, temporal filtering and semi-monthly 
composites by maximum NDVI-value. In addition, the thesis compared the new Sp_1km_NDVI dataset with 
other existing global NDVI datasets.  
In order to assess the comparison, the Mann-Kendall and Theil-Sen statistics were used to calculate the slope 
and the significance of the NDVI trends, finding that the annual NDVI trends from the Sp_1km_NDVI 
product resemble the other three datasets (GIMMS3g, SMN and MODIS) and showing where the spatial 
patterns in seasonal NDVI trends are similar or not. In addition, the Sp_1km_NDVI dataset allowed 
achieving changes in the inter-annual variability of NDVI values at longer and continuous temporal coverage 
than MODIS and higher spatial resolution than GIMMS3g and SMN. The new dataset provided information 
about vegetation activity for climate change research in this part of the Mediterranean region, stressing the 
complex spatial changes in the NDVI as a consequence of different land intensification and extensification 
processes and illustrating a dominant positive NDVI trend over the study period.  
The PhD thesis also studied links between tree-ring growth and gross primary production for a variety of 
forest types under different environmental conditions. The NOAA-AVHRR satellite imagery data were 
combined with dendrochronological records and climate data at a fine spatial resolution (1.1 km2) to analyse 
the interannual variability of tree-ring growth and vegetation activity for different forest biomes from 1981 to 
2015. Specifically, the links between the Normalized Difference Vegetation Index (NDVI) and tree-ring 
width indices (TRWi) and a variety of environmental conditions, represented by climatic variables (air 
temperature, precipitation, evapotranspiration and water balance), mean NDVI and elevation were assessed. 
The impact of these variables on tree growth was assessed by means of the Predictive Discriminant Analysis 
(PDA). Results reveal a general positive and significant relationship between inter-annual variability of the 
NDVI at a high spatial resolution (1.1 km2) and tree-ring growth. Maximum correlations between NDVI and 





time periods (6-10 months), suggesting that tree growth is mainly related to Gross Primary Production (GPP) 
at annual scale. The relationship between tree-ring growth and inter-annual variability of the NDVI, 
however, strongly varies between forest types and environmental conditions. 
Finally, drought impacts on the NDVI were analysed since drought is one of the main natural hazards 
affecting vegetation activity in Spain, which causes important impacts on crops, noticeably decreases yield in 
crop lands, but it also affects forest growth and the frequency of forest fires. This thesis determined possible 
differences in the sensitivity to drought determined by the presence of different land cover types and climate 
conditions and analysed the drought time scales at which vegetation activity is responding to drought 
severity. The results have showed that in large areas of Spain the vegetation activity is strongly determined 
by the interannual variations of drought. During the summer dry season, more than 90% of land areas show 
significant positive correlations between the NDVI and drought. Nevertheless, there are important seasonal 
and spatial differences in which the land cover and aridity conditions play an important role. The thesis also 
found that the time scale at which drought is measured is very relevant to understand the different seasonal 
impacts and it informs on the different seasonal and land cover differences in the NDVI sensitivity to 







En esta tesis doctoral se han procesado imágenes de los satélites NOAA-AVHRR de 1,1 km de resolución 
espacial, disponibles durante las últimas tres décadas (1981 - 2015) para obtener una base de datos del índice 
de vegetación NDVI, para la España peninsular y las Islas Baleares, llamada Sp_1Km_NDVI. El método 
incluye la calibración de la información con los coeficientes calibrados posteriores al lanzamiento de cada 
satélite, correcciones geométricas y topográficas, una eliminación de nubes, el filtrado temporal de las series 
y la obtención de compuestos quincenales mediante el valor máximo del índice NDVI de las imágenes. 
Además, la tesis compara la nueva base de datos Sp_1km_NDVI con otras bases de datos existentes.  
Para llevar a cabo la comparación, se han utilizado métodos estadísticos como el análisis de la significación 
de tendencias mediante el test de Mann-Kendall y la magnitud de cambio mediante la regresión de Theil-sen. 
Se ha comprobado que las tendencias anuales del producto Sp_1km_NDVI se asemejan a las de los otros tres 
conjuntos de datos (GIMMS3g, SMN y MODIS). Se ha analizado si los patrones espaciales de las tendencias 
estacionales son similares o no. Además, el conjunto de datos SP_1km_NDVI permite visualizar los cambios 
en la variabilidad interanual de los valores de NDVI a una cobertura temporal más larga y continua que la 
base de datos MODIS y a una resolución espacial más alta que los productos GIMMS3g y SMN. La nueva 
base de datos proporciona información sobre la actividad de la vegetación, útil para investigar los procesos 
de cambio climático en esta región mediterránea, mostrando los complejos cambios espaciales en el NDVI 
como consecuencia de los diferentes procesos de intensificación y extensificación e identificando una 
tendencia positiva dominante del NDVI durante el periodo de estudio.  
En el presente trabajo también se han estudiado los vínculos entre el crecimiento de los anillos de los árboles 
y la producción primaria bruta en distintos tipos de bosques, bajo diferentes condiciones ambientales. La 
base de datos satelital del índice NDVI se ha combinado con registros dendrocronológicos y datos climáticos 
para analizar la variabilidad interanual del crecimiento de los anillos de los árboles y la actividad vegetal en 
distintos biomas forestales desde 1981 y hasta 2015. Concretamente, se ha evaluado la relación entre el 
NDVI y los índices de anchura de los anillos de los árboles (TRWi), poniendo en relación los resultados con 
una variedad de condiciones ambientales, representadas por variables climáticas (temperatura del aire, 
precipitación, evapotranspiración y balance hídrico), el valor NDVI medio y la elevación. El impacto de 





resultados revelan la existencia de una relación positiva y significativa entre la variabilidad interanual del 
NDVI y el crecimiento de los anillos de los árboles. Cuando se han considerado los valores NDVI 
acumulados, en algunos casos cubriendo periodos largos de tiempo (6 – 10 meses), se han registrado las 
mayores correlaciones entre el NDVI y el crecimiento de los anillos de los árboles. Esto sugiere que el 
crecimiento de los árboles está relacionado principalmente con la Producción Primaria Bruta (PPB) a escala 
anual. Sin embargo, la relación entre el crecimiento de los anillos de los árboles y la variabilidad interanual 
del NDVI depende mucho del tipo de bosque y de las condiciones ambientales.  
Finalmente, se han analizado los impactos de la sequía en el NDVI, ya que la sequía es uno de los principales 
riesgos naturales que afectan la actividad de la vegetación en España, lo que provoca importantes impactos 
en los cultivos, disminuye notablemente el rendimiento de las cosechas, y también afecta al crecimiento 
forestal y a la frecuencia de los incendios forestales. En esta parte de la tesis se han detectado diferencias en 
la sensibilidad de la vegetación a la sequía. Esa sensibilidad viene determinada por los distintos tipos de 
cubiertas vegetales y por las condiciones climáticas medias. Se han podido identificar los periodos en los que 
la actividad vegetal ha respondido a una mayor severidad de la sequía. Los resultados han demostrado que, 
en grandes áreas de la España peninsular, la actividad de la vegetación está fuertemente determinada por las 
variaciones interanuales de la sequía. De hecho, durante la estación estival, más del 90% de la superficie 
muestra correlaciones positivas significativas entre el NDVI y las condiciones de sequía. Sin embargo, 
existen importantes diferencias estacionales y espaciales en las que el tipo de cubierta y las condiciones de 
aridez juegan un papel importante. En esta tesis también se ha mostrado que la escala temporal a la que se 
mide la sequía es muy relevante para entender los diferentes impactos estacionales, e informa sobre la 
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1.1. The use of remote sensing data to identify vegetation processes 
Among the possible information sources to analyse in depth land-cover processes, earth observation data 
allows obtaining spatial and temporal information about dynamics and evolution of environmental variables. 
Different vegetation indices can be calculated with spectral radiometric information. On one hand, these 
indices are closely related to different vegetation features, while they can give indications on the trees’ 
primary above-ground productivity on the other hand. Among all these indices, the most common is the 
Normalized Difference Vegetation Index (NDVI), which shows strong relationship with photosynthetically 
active radiation (Myneni et al., 1995), the leaf area index (Baret and Guyot, 1991; Carlson and Ripley, 1997) 
and the total green biomass (Cihlar et al., 1991; Gutman, 1991; Tucker et al., 1983; Wylie et al., 2002). The 
NDVI has widely been used for several purposes, including the analysis of vegetation trends (Herrmann et 
al., 2005; Zhou et al., 2001) and their relationships with climate variability and droughts (Kogan, 1997; 
Vicente-Serrano, 2007). 
The NDVI is related with net primary production (NPP) and several studies have used NDVI data as key 
input in NPP models (e.g., Nemani et al., 2003; Zhao and Running, 2010), but NDVI is not a direct metric of 
the NPP. What the NDVI really represents is the gross primary production (GPP); in other words the 
vegetation photosynthetic activity or the photosynthetically active radiation obtained by vegetation (Myneni 
et al., 1995). Part of this energy obtained by vegetation is consumed in respiration processes, and the 
remaining is the NPP, which includes the primary and secondary growth but also the activity of the flowers, 
fruits, etc. The tree-ring growth can be considered a good summary of these variables (Grissino-Mayer and 
Fritts, 1997). Therefore, the NDVI can be employed to assess the possible links between primary production 
and secondary forest growth variability (Kaufmann et al., 2008; Vicente-Serrano et al., 2016; Pasho and 
Alla, 2015). 
In Spain, different studies have used remote sensing imagery to assess possible changes on vegetation 
activity and other land cover processes. They have been based on high-spatial resolution images (e.g. 
Landsat) (Serra et al., 2008; Lasanta and Vicente-Serrano, 2012; Martinez del Castillo et al., 2015) but also 





main problem is that the studies based on high spatial resolution images cover small areas but the studies 
based on low spatial resolution images do not allow identifying in detail the processes given the coarse 
resolution of the data. For example, del Barrio et al. (2010) used 1 km MEDOKADS archive (Koslowsky et 
al., 2005), to analyse changes in the vegetation activity and rain use efficiency between 1989 and 2000. The 
same dataset was used by Stellmes et al. (2013) and Hill et al. (2008) between 1989 and 2004 to determine 
vegetation changes in Spain, but they only focussed on natural vegetated areas, determining processes related 
to the rural exodus and forest fires. The studies focusing on longer periods have been based on very coarse 
datasets. For example, Gouveia et al. (2016) analysed the evolution of the Normalized Difference Vegetation 
Index (NDVI) in the Iberian Peninsula from 1981 to 2012 but used data at 64km2 of spatial resolution 
obtained from the Global Inventory Modelling and Mapping Studies (GIMMS) dataset (Tucker et al., 2005), 
which has not the necessary spatial details given the characteristic spatial complexity of the landscape and 
natural vegetation in this Mediterranean region.  
The need of determining the changes in the land conditions over the whole Iberian Peninsula contrasts with 
the type of studies available that are partial from a spatial and temporal perspective. For this reason, this 
thesis considers necessary to use the available historical records of satellite imagery to determine long-term 
trends in the vegetation processes with the sufficient spatial resolution to detect changes in the complex 
Mediterranean region and the images from the Advanced Very High Resolution Radiometer (AVHRR) data 
from the National Oceanic and Atmospheric Administration (NOAA) polar-orbiting satellites are the longest 
and continuously available record to monitor vegetation since they are available from 1981 to the present. 
They have been widely used to retrieve NDVI and to develop vegetation activity databases (Gutman and 
Masek, 2012; Beck et al., 2011). This thesis has used the entire historical dataset of daily NOAA-AVHRR 
images available from 1981 over the peninsular Spain and the Balearic Islands to develop a NDVI dataset 
useful to assess different environmental processes: i) long-term vegetation activity trends, ii) the relationship 
between vegetation activity and tree-ring growth and iii) the impact of drought on vegetation activity. 
 
1.2. Vegetation trends 
The Mediterranean region is one of the main environmental hotspots for the twentieth-one century. The 





strong increase of temperature (Giorgi and Lionello, 2008), being Spain one of the most affected areas. 
These changes are expected to have strong influence on hydrological processes and the availability of water 
resources in the region (García-Ruiz et al., 2011). Moreover, climate processes have already been observed 
during the last decades in the region, which were characterised by increased temperatures (Gonzalez-Hidalgo 
et al., 2016), decreased relative humidity (Vicente-Serrano et al., 2014a) and strong increase of the 
atmospheric evaporative demand (Vicente-Serrano et al., 2014c).  
In addition to climate processes, really the most relevant environmental modification in Spain is related to 
the land cover change. In Spain there are very rapid and generalized land cover change processes (Hill et al., 
2008). These processes are very diverse and are characterised to be the result of land extensification or 
intensification practices (Lasanta and Vicente-Serrano, 2012), but also biophysical factors play an important 
role (Serra et al., 2008). The slopes of the Mediterranean mountains are characterised by a general 
abandonment during the twentieth century given the margination of the traditional economic activities and 
the general collapse of the mountain agriculture and livestock (Garcia-Ruiz and Lasanta-Martinez, 1990; 
García-Ruiz et al., 1996; Lasanta et al., 2017). These areas have been affected by strong revegetation 
processes, some of them given an intense policy of reforestation (Ortigosa et al., 1990), but also as a 
consequence of the natural recolonization (Poyatos et al., 2003; Lasanta-Martínez et al., 2005; Lasanta and 
Vicente-Serrano, 2007), which was favoured by the low rates in the use of the territory. On the contrary, 
other regions have been affected by land intensification processes given the increase of urban and touristic 
areas (Gallardo and Martínez-Vega, 2016), but also by the agricultural changes, with the development of 
new irrigation polygons with the purpose of producing high added-valued agricultural products (Pinilla, 
2006). In addition to extensification and intensification of land areas, in Spain there is strong complexity 
since there are also some processes, which are not clearly visible in the landscape but which are being 
observed using satellite imagery from earth observation systems. In some areas, land degradation processes 
are being recognised (del Barrio et al., 2010; Vicente-Serrano et al., 2012), in others, the loss of pasture lands 
in high elevations as a consequence of the advance of shrublands (Sanjuán et al., 2018), the forest decline as 
a consequence of climate aridification and more frequent droughts (Camarero et al., 2015), forest fires (Díaz-
Delgado et al., 2002; Moreno et al., 2014; Viedma et al., 2015), changes in the type of cultivation as a 





there are studies that have analysed recent land cover change processes in Spain, they are usually 
geographically partial (e.g., Lasanta and Vicente-Serrano, 2012), or they do not cover the variety of 
processes that are affecting the country, which are strongly complex (Serra et al., 2014; Martínez-Fernández 
et al., 2015). 
 
1.3. Connection with tree-ring growth 
Climate plays a paramount role, controlling the inter-annual variability of both gross primary production 
(GPP) and secondary growth of trees -secondary growth is the increase in the diameter of the roots, stems 
and branches, while primary growth consists of longitudinal growth- (Barber et al., 2000; Ciais et al., 2005; 
Nemani et al., 2003). Under a changing climate scenario, the impacts of climate extreme events (e.g. 
droughts, heat waves) on tree growth appear as a main concern. Numerous studies have confirmed climate 
influence on forest GPP (e.g. Granier et al., 2007; Zhao and Running, 2010) and their secondary growth as 
well (e.g. Camarero et al., 2015; Orwig and Abrams, 1997; Vicente-Serrano et al., 2014). Nevertheless, the 
response of vegetation activity, as regards GPP and secondary growth, to climate variability can differ 
significantly over contrasting forest biomes, as a function of regional-scale climate characteristics, land 
cover, topographical gradient, etc. (Bhuyan et al., 2017; Gazol et al., 2018; Montserrat-Martí et al., 2009; 
Tognetti et al., 2007).  
Growth efficiency can differ among populations of the same species living under different climate conditions 
(Peguero-Pina et al., 2007). For example, del Castillo et al. (2015) indicated that leaf activity and radial 
growth of the Aleppo pines have different response patterns to precipitation in eastern Spain. More recently, 
Gazol et al. (2018) confirmed that the resilience of forests to the occurrence of drought events in Spain is 
different considering the leaf activity or the tree-ring growth. As such, it is important to assess the possible 
links between climate determinants and both GPP and secondary tree growth. This assessment is also 
necessary for a better understanding of the influence of different projected scenarios of climate change on 
forest growth and productivity (Sánchez-Salguero et al., 2017).  
Nonetheless, as opposed to the long-term time-series of secondary growth of trees obtained using 
dendrochronological techniques (Grissino-Mayer and Fritts, 1997), long-term measurements of GPP are not 





GPP and secondary growth across different biomes. However, with the advancement in remote sensing 
instruments and techniques, vegetation information derived from different satellite platforms, which extends 
back to the early 1980s, can be a valuable resource as a reliable surrogate for GPP data of trees.  
Several studies have already found positive and significant relationships between NDVI and radial secondary 
growth (tree-ring width) across different forest types worldwide (e.g. Alla et al., 2017; Coulthard et al., 2017; 
Leavitt et al., 2008; Liang et al., 2009; Lopatin et al., 2006; Malmström et al., 1997). Nonetheless, these 
relationships are complex and widely varies across different climate regions, forest types and biomes 
(Bhuyan et al., 2017; Gazol et al., 2018) and they are characterized by contrasting responses according to the 
period of the year in which NDVI is recorded and averaged (Vicente-Serrano et al., 2016). According to 
Gough et al. (2008), the cumulative NDVI values over determined periods can be seen as better proxies of 
the total NPP, which strongly determines secondary growth.  
The existing studies focusing on the links between NDVI and secondary growth are usually based on the 
Global Inventory Monitoring and Mapping Studies (GIMMS3g) dataset, which is the key reference for 
temporal homogeneity of NDVI data at global level (Pinzon and Tucker, 2014; Tucker et al., 2005). 
Nonetheless, the utility of the GIMMS3g NDVI is mainly constrained by its very low spatial resolution (ca. 8 
km). While this low spatial resolution may not be critical in boreal homogeneous landscapes, given that the 
same forest typology can dominate over large areas, this resolution remains questionable in more 
heterogeneous areas, hindering the comparison between GIMMS3g NDVI and site tree-ring width series. 
These limitations increase as the complexity of the landscape does, such as the case of the Mediterranean-
type ecosystems, where vegetation exhibits strong spatial heterogeneity. Over an individual pixel of the 
GIMMS3g (64 km2), very different vegetation types with different local climate conditions may 
predominate, which makes the corresponding NDVI values less representative of those characterizing the 
forest of interest. Therefore, the global patterns of response of tree-ring growth to NDVI time-scales, 
described in Vicente-Serrano et al. (2016), cannot be completely representative of the highly-diverse 
Mediterranean region. For a better understanding of these underrepresented regions, the use of a high-spatial 
resolution NDVI dataset is preferable. This thesis analyses the relationships between NDVI and tree-ring 
width series, as reliable proxies of primary production and secondary growth, respectively. To accomplish 





dominant forest tree species. This dataset is useful for understanding the diverse climatic and environmental 
conditions found across the peninsular Spain and the Balearic Islands.  
 
1.4. Drought impacts on vegetation activity 
Drought is one of the most relevant climate phenomena, which affect the interannual variability of the 
surface fluxes (Baldocchi et al., 2004; Fischer et al., 2007; Hirschi et al., 2011), including vegetation 
respiration (Ciais et al., 2005), net primary production (Reichstein et al., 2007; Zhao and Running, 2010), 
primary and secondary forest growth (Allen et al., 2015) and crop yield (Lobell et al., 2015; Asseng et al., 
2015). Recent studies have suggested an increased impact of the drought events on vegetation, including 
increased forest mortality under different environmental conditions (Allen et al., 2010; Allen et al., 2015; 
Breshears et al., 2005), and the decrease of the vegetation activity with higher rates of tree decay (Carnicer et 
al., 2011; Restaino et al., 2016). Nevertheless, the analysis of the drought impacts on vegetation is usually 
difficult given low data availability. On the one hand, data on forest conditions and growth is very partial and 
restricted to small number of forests sampled by means of tree-ring (Grissino-Mayer and Fritts, 1997), or it 
does not have the necessary temporal frequency to assess drought impacts as happens for example with the 
official forest inventories, (Jenkins et al., 2003). Crop data is also partial, aggregated to administrative levels 
and it does not provide information on the activity of the vegetation over different periods of the year, but 
usually only the annual yield (e.g., http://faostat.fao.org; https://quickstats.nass.usda.gov/#AF9A0104-19EF-
3BFE-90D2-C67700892F3E). To solve these problems, a growing number of studies have analysed the 
impact of drought on vegetation by means of remote sensing data (Ji and Peters, 2003; Wan et al., 2004; 
Rhee et al., 2010; Zhao et al., 2017). 
Remote sensing allows quantifying vegetation conditions given the different spectral response of the healthy 
and dry vegetation biomass since the electromagnetic signal received in the visible and near-infrared parts of 
the spectrum are different (Knipling, 1970). Given the available necessary spectral information recorded by 
sensors on board of different satellite platforms, it is possible to calculate vegetation indices (Tucker, 1979), 
which merge the spectral information obtained in different regions of the electromagnetic spectrum to 
determine vegetation conditions. Different studies have used vegetation indices to develop drought-related 





conditions (Vicente-Serrano et al., 2013; Zhang et al., 2017). In general, the results indicate that drought 
impacts can be well recorded by means of vegetation indices, identifying the complex influences that can be 
recorded as a function of the type of vegetation, the bioclimatic conditions, the severity of the drought 
events, etc. (Vicente-Serrano, 2007; Bhuiyan et al., 2006; Quiring and Ganesh, 2010; Ivits et al., 2014). 
In Spain, drought is one of the most important natural hazards, which causes different impacts. As a 
consequence of the semiarid climate conditions that characterise a large part of the territory, Spain is highly 
vulnerable to drought events since precipitation shows a high interannual variability and the climate drought 
events are very frequent (Vicente-Serrano, 2006). Moreover, the increased atmospheric evaporative demand 
observed in the last decades (Vicente-Serrano et al., 2014b), has caused an increase in the severity of 
droughts in comparison to the expected severity only related to precipitation deficits (Vicente-Serrano et al., 
2014a; González-Hidalgo et al., 2018). Hydrological impacts of droughts are usually recorded, which are 
characterised by the decrease in streamflow and reservoir storages (Lorenzo-Lacruz et al., 2010; Lorenzo-
Lacruz et al., 2013). Moreover, droughts cause important impacts on crops, noticeably decreasing yield in 
arable non-irrigated lands (Austin et al., 1998; Páscoa et al., 2017), but also compromising the water need of 
irrigated crops (Iglesias et al., 2003), which show a high productivity and added economic value. Moreover, 
droughts strongly affect forest growth (Camarero et al., 2015; Gazol et al., 2018; Peña-Gallardo et al., 2018), 
and under the current rural abandonment and natural revegetation scenarios (Lasanta et al., 2017; Hill et al., 
2008), the droughts driven the interannual variability and frequency of forests fires (Pausas, 2004; Pausas 
and Fernández-Muñoz, 2012).  
Although drought is the main drivers of vegetation activity in Spain, there are not still studies covering the 
entire Spanish territory and a long time period to determine the possible differences in the impacts of drought 
on different land cover and vegetation types. Different studies have used remote sensing imagery and 
vegetation indices to analyse the spatial and temporal variability and trends in vegetation activity in Spain 
(Julien et al., 2011; Stellmes et al., 2013; del Barrio et al., 2010). Nevertheless, very few studies have related 
the temporal dynamic of the satellite-derived vegetation activity with climate variability and drought (e.g., 
Udelhoven et al., 2009; Vicente-Serrano et al., 2006; Gouveia et al., 2012; Mühlbauer et al., 2016). For 
example, González-Alonso and Casanova (1997) analysed the spatial distribution of droughts in 1994 and 





García-Haro et al. (2014) analysed seven years of NDVI data obtained from MODIS satellite images, which 
was compared with the Standardized Precipitation Index (SPI) and showed important spatial differences in 
the response of the NDVI to the drought index. Vicente-Serrano (2007) and Contreras and Hunink (2015) 
analysed NDVI data in semiarid regions of northeast and south-east Spain, respectively, and showed 
important seasonal differences in the vegetation response to drought indices but also an important role of 
time scale of the drought indices. This thesis develops a complete analysis of the response of vegetation to 
drought using a long (1981-2015) and high spatial resolution (1.1 km2) NDVI dataset over the whole 
peninsular Spain and Balearic Islands.  
 
1.5. Objectives 
The objectives of this study were related to the three main topics analysed but also to the development of the 
basic dataset to develop the different analysis:  
i) to develop a high spatial resolution and long-temporal coverage NDVI dataset for Spain,  
ii) to compare the developed NDVI dataset using other global widely used NDVI datasets that contain 
information at more coarse resolution or that cover shorter periods, 
iii) to determine long term (1982-2014) NDVI trends over Spain and to know the land cover types that 
have experienced the most notable changes of vegetation activity.  
iv) to determine the relationships between NDVI and tree-ring width for different tree species 
representing different forest biomes in Spain 
v) to assess the relative contribution of tree species and environmental conditions to the different 
patterns of relationships observed between NDVI and tree-ring width. 
vi) to determine possible differences in the sensitivity to drought determined by the presence of different 
land cover types and mean climate conditions and  






2. Data and methods 
This section describes the database obtained in this study and the steps taken to develop it, based on the 
processing of NOAA-AVHRR satellite images. The specific methodology used in each chapter is described 
in the corresponding sections. 
 
2.1. Remote sensing datasets 
The entire available record of daily afternoon passes from the NOAA-AVHRR satellites from 1981 to 2015 -
more than 30 years- at the spatial resolution of 1.1 km at nadir were used. From this information a semi-
monthly NDVI dataset was created after a careful procedure that includes the radiometric calibration, image 
georreferencing, cloud removal, etc. and that is detailed in depth below.  
For comparison purposes three widely used NDVI datasets that are developed at different spatial resolutions 
and that cover different periods were used: the Global Inventory Modelling and Mapping Studies 
(GIMMS3g), the Smoothed NDVI (SMN) and the MODIS NDVI product called MOD13A3.  
The GIMMS3g is the NDVI dataset most widely used worldwide. Several studies have analysed NDVI 
trends using this product in different regions and at the global scale (Beck et al., 2011). The dataset consists 
in semi-monthly maximum NDVI value composite images at 8-km of spatial resolution for the period 1981 – 
2015 (that is the latest version of GIMMS NDVI3g product that was actualized until 2015, not the older 
version GIMMS NDVI). It has been corrected for cloud cover, atmospheric perturbations, sensor 
degradation, inter-satellite differences and solar and viewing angle effects due to satellite drift (Tucker et al., 
2005, Pinzon and Tucker, 2014). Data is available at https://ecocast.arc.nasa.gov/data/pub/gimms/3g.v1/; last 
accessed October 2017. 
The Smoothed Normalized Difference Vegetation Index (SMN) is a product used to obtain the Vegetation 
Health Product (VHP) by the NOAA. The images are re-processed datasets derived from AVHRR data in 
GAC (Global Area Coverage) format at a weekly time scale and at 4-km of spatial resolution. The SMN 
dataset is smoothed for cloud removal and adjusted using the Empirical Distribution Function (EDF) 
statistical technique in order to correct sensor degradation, satellite orbital drift and to reduce the possible 
effect of aerosols (Kogan et al., 2011). This data is provided by the Center for Satellite Applications and 





(https://www.star.nesdis.noaa.gov/smcd/emb/vci/VH/vh_ftp.php; last accessed October 2017). The SMN 
data contain weekly composites of seven Julian days, starting on Thursday and ending on Wednesday, nearly 
52 weeks per year. The files between the 35th week of September 1981 to the 32th week of June 2015 were 
downloaded. The dataset contains five weekly gaps in the study period due to problems with the AVHRR 
platform or other measurement errors (Latifovic et al., 2012; Gutman and Masek, 2012). Due to the SMN 
data have weekly temporal resolution a monthly composites using a Maximum Composite NDVI rule were 
created (Holben, 1986). 
MODIS satellites were launched in 2000 and provide daily images with a spatial resolution of 250 m. The 
MOD13A3.005 product has been used to provide monthly NDVI images with 1x1-km2 spatial resolution 
(Huete et al., 2002). These images were resampled from 1-km2 to 1.1-km2 to correspond with the database 
created for this thesis, (https://lpdaac.usgs.gov/dataset_discovery/modis/modis_products_table/mod13a3; last 
accessed October 2017). 
 
2.2. Development of the NDVI dataset from the daily NOAA-AVHRR satellite imagery 
The NOAA-AVHRR dataset used in this study contains daily images acquired by the AVHRR sensor on-
board the polar-orbiting satellites NOAA-7-9-11-14-16-18 and -19. The images were captured during the 
afternoon passes of the satellite in an ascending mode. The historical daily NOAA-AVHRR dataset comprise 
more than 10,000 images spanning the period from July 1981 to June 2015 and covering the entire Iberian 
Peninsula and the Balearic Islands.  
The images used in this study were acquired from different sources, including: the Dundee Satellite 
Reception Center (images from 1981 to 1986), the European Spatial Agency (images from 1986 to 1997), 
and by the High Resolution Picture Transmission (HRPT) antennae (images from 1998 onwards), located at 
the Centro de Recepción, Proceso, Archivo y Distribución de Imágenes de Observación de la Tierra 
(CREPAD) and coordinated by the Spanish National Institute of Aerospace Technology (INTA) in its 
Canaries Space Centre (Maspalomas, Gran Canaria). The dataset is obtained from approximately 2TB of 
information at the mentioned HRPT format. The processing routine for each daily image included the data 
import, the radiometric calibration, geometric and topographic corrections, cloud removal and NDVI 





format files automatically and verify if each file is completed; ii) discard the files: if are damaged, if an 
image was acquired before 10:00 am or after 16:00 pm, if it is full of clouds or if it is affected of bad scan 
lines. Once the images were read and converted to a common format, the digital numbers (DNs) of the 
Channels 1 (Red) and 2 (Near infrared) were geocoded using control points, which are identified 
automatically (Baena-Calatrava, 2002). Control points correspond to 97 coast-line fragments and specific 
invariant locations from a good quality cloud-free image of the study area. The geocoding algorithm uses 
these fragments as a moving window looking for the higher correlation values in the image. Images were 
geocoded to a coordinate system ED50-UTM zone 30°N over an area bounded between 34°22’N and 
44°12’N and 11°7’W and 4°16’E.  
Geocoded Channels 1 and 2 DNs were transformed to top-of-the atmosphere reflectances. Following the 
recommendations by the NOAA User’s Guide (http://noaasis.noaa.gov/NOAASIS/ml/calibration.html; last 
accessed November 2017), the coefficients proposed by Nagaraja Rao and Chen (1995) were used to 
calibrate the NOAA  -7,-9 and -11 images and NOAA-14 was calibrated according to Rao and Chen (1999). 
NOAA-16, -18 and -19 images were calibrated according to the NOAA-KLM user’s guide 
(https://www1.ncdc.noaa.gov/pub/data/satellite/publications/podguides/N-15%20thru%20N-
19/pdf/0.0%20NOAA%20KLM%20Users%20Guide.pdf; last accessed 4th September 2018) and considering 
revised post-launch calibration coefficients available at:  
http://noaasis.noaa.gov/NOAASIS/ml/calibration.html; last accessed November 2017.  The values of 
calibrated Channel 1 and 2 radiances (L) in W/(m2 sr μm) were transformed to top-of-the-atmosphere 













where  is the TOA reflectance for band , d is the earth–sun distance in astronomical units, ESUN is 
the mean solar exoatmospheric irradiance for band , and s is the solar zenith angle in degrees.  
In addition, the thermal bands 4 and 5 were also calibrated since they were needed to remove the cloud 
coverage from each image. Details on the calibration and processing the thermal bands can be found at 
Azorin-Molina et al. (2013) and Khorchani et al. (2018). Clouds were removed using the algorithm 





Iberian Peninsula and separates between cloud, snow-ice and clear ground pixels to compute the daily cloud 
masks. The pixels with observation angles higher than 50º were removed to avoid any geometric and 
radiometric problems related to the view angle of the satellites since high observation angles tend to reduce 
the NDVI values (Gutman, 1991).  
Between 1981 and 2015 the channels 1 and 2 of the AVHRR sensors on board of the different NOAA 
satellites have slightly different spectral response functions, which may have an impact on the obtained top-
of-the-atmosphere reflectances. To diminish this problem, the procedure described in Trishchenko et al. 
(2002) and Trishchenko (2009) was used to normalize the TOA reflectance in the Channel 1 and Channel 2 
obtained by the different satellites to the NOAA-9 satellite. Finally, before NDVI calculation, a topographic 
correction was applied to each image using a Digital Elevation Model (DEM) at the resolution of 1.1 km to 
correct the effects of lighting on the ground by means of a non-lambertian model (Riaño et al., 2003). The 








where 2 and 1 are the reflectance values for bands 2 and 1. 
Daily NDVI images were composited in semi-monthly periods (two per each month: from 1st day of the 
month to the 15th, and from 16th to the end of the month) using the maximum NDVI recorded in the period, 
with the aim of reducing uncertainty (Holben, 1986; Latifovic et al., 2005).  
To fill gaps in the series, which can be originated from clouds and large observation, a linear regression 
model was used, considering the NDVI values before and after each gap as predictors. This procedure was 
applied iteratively to account for all gaps existing in the series. Then, in order to reduce residual noise 
presented in the series, data of each series was filtered following Quarmby et al. (1993): 
NDVI = Max{NDVI(n),(NDVI(n-1)+NDVI(n+1))/2}   
According to this approach, only low NDVI values are filtered, given that high values are less affected by 
atmospheric contamination and residual noise (Gutman, 1991).  
After processing the entire semi-monthly complete NDVI dataset over the Iberian Peninsula, a temporal 
inhomogeneity in the semi-monthly NDVI time-series was found using the Breaks For Additive Seasonal 





and AVHRR/3 instruments (Figure 1). The same problem was identified by Pinzon and Tucker (2014) for 
the GIMMS3g dataset, and was caused by the existence of two different AVHRR sensors: the AVHRR/2 
instrument that spans July 1981 to November 2000 and the AVHRR/3 instrument from November 2000 to 
the present. Latifovic et al. (2012) also stressed the differences between the AVHRR/2 and AVHRR/3 
measurements that must be corrected. 
 
Figure 1: Average evolution of the semi-monthly NDVI for Spain decomposed in trend, seasonality and residual 
components using BFAST method. 
 
Pinzon and Tucker (2014) developed a methodology to correct this problem by means of images of the 
SeaWIFS satellite. They obtained pixel-per-pixel coefficients of correction coefficients and applied them to 
correct the GIMMS3g dataset from 2000. This approach could not be applied here to correct the NDVI 
dataset since the SeaWIFS data was not available. To solve the problem it was assumed that the existing 
inhomogeneity problems between the AVHRR/2 and AVHRR/3 instruments sensors are systematic and 
affect equally to the entire images, independently of the land cover type. Therefore, the average ratio 
between the average semi-monthly series of the developed NDVI dataset and the average semi-monthly 
series of the GIMMS3g NDVI3g dataset between 2000 and 2015 were calculated over the whole peninsular 
Spain and Balearic Islands and used the average semi-monthly coefficients to correct the entire images. 
Figure 2 shows the average GIMMS3g and the average NDVI series developed for the territory before and 
after the correction. The dataset developed in this study has been called Sp_1km_NDVI and it has been 
compared with other global NDVI datasets before its use to analyse NDVI trends across the peninsular Spain 






Figure 2: Evolution of the semi-montlhy GIMMS3g dataset (black), the original inhomogeneous developed semi-
monthly NDVI (red) and the homogeneous Sp_1km_NDVI (blue) 
 
2.3. Comparison with other NDVI datasets 
In order to compare the Sp_1km_NDVI dataset with the other three products, the Sp_1km_NDVI dataset 
was adapted to different spatial and temporal resolutions to match with the spatial or temporal resolution of 
the other products. First the 1.1-km2 Sp_1km_NDVI was resampled to 4-km2 and 8-km2 with the purpose of 
being compared with SMN and GIMMS3g datasets, respectively. The first images captured by the 
AVHRR/2 sensor begin in July 1981 and the images from the AVHRR/3 sensor were processed until June 
2015. To make the comparison between the Sp_1km_NDVI dataset and the GIMMS3g and SMN datasets, 
the analyses has been done over the entire years, from 1982 to 2014. The monthly MODIS NDVI product 
was resampled from 1-km2 to 1.1-km2 to match with the Sp_1km_NDVI dataset and the decade from 2004 to 
2014 selected for comparisons. The spatial comparisons were based on the annual and seasonal scales 
(Winter: DJF, Spring: MAM, Summer: JJA, Autumn: SON). Pearson’s r correlation was used for the 
comparisons between the average regional series of the four datasets but also the pixel-per-pixel correlations 
at the different spatial resolutions.  
The signification of the observed trends during the different periods of analysis was also compared. For this 





for temporal pseudoreplication (Hamed and Rao, 1998). Significant trends were set at p-value < 0.05. To 
determine the magnitude of the trends the Theil-Sen slope estimator was used. 
 
2.4. Spatial patterns of average NDVI 
Figure 3 show the seasonal and annual NDVI averages obtained from the four NDVI datasets for the 
corresponding temporal periods. The averages are adapted from the Sp_1km_NDVI dataset for the different 
periods and spatial resolutions of the other datasets and the results show high agreement with the GIMMS3g, 
SMN and MODIS data. Although using the same spatial resolution that the GIMMS3g and SMN, the 
Sp_1km_NDVI shows a lower spatial filtering and allows to identify more details at the local scale than the 
other two datasets. On the contrary, at the 1,1-km spatial resolution the spatial detail of the average values is 
similar to that observed with MODIS. All the maps show the highest NDVI values in the northwest of the 
peninsular Spain and these values decrease towards the southeast part. Seasonally, each pair of maps also 
shows a similar variability in the NDVI. For example, on spring there is an increase in the NDVI values in 







Figure 3:  Spatial distribution of the average seasonal and annual Sp_1km_NDVI in comparison to the 8 km2 1982-2014 
GIMMS3g (a), 4 km2 SMN 1982-2014 (b) and 1 km2 2004-2014 MODIS. The original 1.1 km2 spatial resolution of the 
Sp_1km_NDVI was resampled to the spatial resolution of the other datasets.  
 
Figure 4 shows different scatterplots representing the relationship between the average values of the 
Sp_1km_NDVI and the three other NDVI datasets. All these plots show a strong positive relationship 
between the average NDVI values from the developed Sp_1km_NDVI dataset and the GIMMS3g, SMN and 





correlations are higher than 0.8, and even higher than 0.9 considering the SMN and the MODIS datasets. The 
magnitude of the NDVI values is similar between the SMN and the Sp_1km_NDVI but NDVI values tend to 
be higher with the GIMMS3g and the MODIS datasets. The difference tends to be higher for the high NDVI 
values but in all of the cases the relationship is clearly linear.  
 
Figure 4:  Relationship between average annual and seasonal NDVI obtained with the Sp_1km_NDVI and the other 
three datasets. Upper row represents the relationship between Sp_1km_NDVI and GIMMS3g3g, the middle row 
between Sp_1km_NDVI and SMN and the bottom line between Sp_1km_NDVI and MODIS. The colors represent the 
density of points: red shows high density and blue low density. Given the high number of points the significance of 
correlation was obtained by means of 1000 random samples of 30 cases from which correlations and p-values were 
obtained. The final significance was assessed by means of the average of the obtained p-values.  
 
2.5. Comparison of the temporal evolution of the different NDVI datasets  
Figure 5 shows the average evolution of the NDVI series from the developed Sp_1km_NDVI and the other 
three NDVI datasets for the whole peninsular Spain and Balearic Islands. The series are showed at the semi-
monthly temporal scale to be compared with the available temporal resolution of the GIMMS3g dataset and 
the monthly resolution to match with SMN and MODIS NDVI. The different series reproduce well the 
expected annual cycles of vegetation activity in Spain, and some recent years characterised by low 
vegetation activity as a consequence of drought events are clearly recorded in the different datasets (e.g., 






Figure 5: Average NDVI time series for Spain for a) semi-monthly Sp_1km_NDVI and GIMMS3g, b) monthly 
Sp_1km_NDVI and SMN and c) monthly Sp_1km_NDVI and MODIS.  
 
The correlation among the series is statistically significant between the different datasets. The Pearson’s r 
correlations between the Sp_1km_NDVI and the GIMMS3g, SMN and MODIS are 0.84, 0.85 and 0.67, 
respectively. The correlation between GIMMS3g and SMN and MODIS is 0.84 and 0.69, respectively, and 
finally, the correlation between SMN and MODIS is 0.69. These strong correlations are not determined by 
the strong seasonality of the NDVI series since there is a strong agreement between the seasonal and annual 







Figure 6:  Seasonal and annual averages and standard deviation NDVI values from the four datasets (Sp_1km_NDVI, 
GIMMS3g, SMN and MODIS).  
 
Table 1: Temporal correlation between the seasonal and annual average NDVI series obtained from the different 
datasets. All correlations are statistically significant at p < 0.05. 
 
 Winter Spring Summer Autumn Annual 
Sp_1km_NDVI vs. GIMMS3g 0.87 0.86 0.89 0.76 0.89 
Sp_1km_NDVI vs. SMN 0.89 0.87 0.76 0.82 0.89 
Sp_1km_NDVI vs. MODIS 0.58 0.83 0.85 0.73 0.91 
GIMMS3g vs. SMN 0.89 0.87 0.78 0.78 0.90 
GIMMS3g vs. MODIS 0.85 0.90 0.97 0.66 0.92 
SMN vs. MODIS 0.62 0.70 0.90 0.72 0.91 
 
 
Temporal correlation between the different datasets show some spatial differences (Figure 7) although with 
very few exceptions, the correlations are high and statistically significant between the different seasonal and 






Figure 7: Spatial distribution of the annual and seasonal Pearson’s r correlation between Sp_1km_NDVI and 8 km2 
GIMMS3g dataset for 1982-2014 (a), 4 km2 SMN 1982-2014 (b) and 1 km2 2004-2014 MODIS (c). The original 1.1 
km2 spatial resolution of the Sp_1km_NDVI was resampled to the spatial resolution of the other datasets by means of 
an average algorithm. The statistical significance of the Pearson’s r correlation is shown for each dataset.  
The GIMMS3g dataset seasonal correlations tend to be higher than 0.6 and at the annual scale they are 
higher than 0.8 in large areas of Spain (See also Supplementary Figure 1). Similar patterns are obtained in 





areas of Spain characterised by non-significant correlations. This pattern is also identified in central and 
norther areas in autumn. With MODIS NDVI, correlations tend to be higher than with the other two datasets, 
but given the shorter temporal sample, the percentage of areas showing significant correlations decreases.       
Figure 8 shows the comparison of the spatial distribution of the NDVI changes obtained from the 
Sp_1km_NDVI and the other three NDVI datasets. Comparison of the trends refers to the common periods 
and the corresponding spatial resolutions. In relation to the GIMMS3g dataset, the spatial patterns of the 
NDVI changes at the annual scale identified with the Sp_1km_NDVI show the main increases in areas of 
northeast, coinciding with the development of some irrigated lands. This is not well reproduced with the 
GIMMS3g dataset. On the contrary, the main NDVI decrease recorded in areas of southwest and southest are 
recorded in both datasets. The strong decrease recorded in the Guadalquivir valley (Southwest) in spring is 
well recorded by the two datasets but also the decrease observed in some areas of the central Spain in 
summer. Nevertheless, the strong NDVI increase identified in summer in areas of northeast given 
replacement of drylands by highly active irrigated crops in summer is not recorded by the GIMMS3g dataset. 
The comparison of the NDVI changes with the SMN dataset show more differences than the obtained with 
GIMMS3g NDVI. The NDVI changes are more pronounced with the SMN dataset in the different seasons 
and at the annual scale. Finally, the comparison of the NDVI trends between the Sp_1km_NDVI and the 
MODIS NDVI shows some similarities in the spatial patterns of the NDVI changes, but also strong 
differences in the magnitude of these changes across peninsular Spain and Balearic Islands. These spatial 






Figure 8:  Spatial distribution of the annual and seasonal magnitude of change of the NDVI for the Sp_1km_NDVI and 
8 km2 GIMMS3g dataset for 1982-2014 (a), 4 km2 SMN 1982-2014 (b) and 1 km2 2004-2014 MODIS (c). The original 
1.1 km2 spatial resolution of the Sp_1km_NDVI was resampled to the spatial resolution of the other datasets. 
The relationship of the spatial patterns of the NDVI change is higher considering the period 2004-2014 with 
the MODIS dataset. On the contrary, the spatial agreement is low considering both GIMMS3g and SMN 






Figure 9: Spatial distribution of the annual and seasonal sign and significance of the NDVI trends comparing between 
Sp_1km_NDVI and 8 km2 GIMMS3g dataset for 1982-2014 (a), 4 km2 SMN 1982-2014 (b) and 1 km2 2004-2014 
MODIS (c). The original 1.1 km2 spatial resolution of the Sp_1km_NDVI was resampled to the spatial resolution of the 
other datasets. 
Nevertheless, although the magnitude of the change in the NDVI shows some differences between the 
Sp_1km_NDVI and the other three NDVI datasets, the signification of the observed NDVI trends shows 





scale (Figure 9). Both GIMMS3g and Sp_1km_NDVI show dominant positive and significant NDVI trends 
between 1982 and 2014. In contrast, the SMN dataset shows strong differences with large areas showing 
negative and significant NDVI trends in spring and summer that were not identified with the Sp_1km_NDVI 
and the GIMMS3g datasets. Thus, with the exception of the annual SMN, the coefficients of contingency 
that measure the spatial agreement in the sign of the NDVI trends show similar values considering the 
different datasets, which showed high agreement with the trend patterns obtained with the Sp_1km_NDVI 






3. High spatial resolution 1981-2015 NDVI changes in Spain  
3.1. Methodology for the analysis of NDVI changes using the Sp_1km_NDVI 
Trends from the Sp_1km_NDVI dataset were assessed for the 1981-2015 period at the original 1.1 km 
spatial resolution. For this purpose the modified Mann–Kendall trend test and the Theil-Sen slope estimator 
were also used, as described above. In addition to the remote sensing information, an official land cover map 
for 1980, developed by the Ministry of Agriculture of Spain (https://www.mapama.gob.es/es/cartografia-y-
sig/publicaciones/agricultura/mac_1980_1990.aspx; Last access: 04/09/2018) was used. This was used to 
detect the land cover classes affected by changes in recent decades. The map is available in vector format at 
the spatial scale of 1:50,000. The map was transformed to a raster format at the spatial resolution of 1.1 km, 
covering the same spatial area that the daily NOAA-AVHRR images. The rasterization was performed using 
a criterion of majority (Figure 10). 
Thanks to this data, the signification and magnitude of the trend at seasonal and annual scale using the 
Sp_1km_NDVI dataset was analysed and provided a summary for the whole peninsular Spain and the 
Balearic Islands but also for the different land cover types existing at the beginning of the study period to 
determine the influence of the land cover type on the NDVI.  
Moreover, the NDVI trends were compared with climatic variables to determine if there is a relationship 
between the NDVI trends and the average precipitation, temperature and aridity (precipitation minus 
reference evapotranspiration) in peninsular Spain and the Balearic Islands. The climatic datasets have been 
obtained from average gridded meteorological variables at the same spatial resolution that the NOAA-






Figure 10: Spatial distribution of the main land cover categories recorded in Spain at the beginning of the decade of 
1980. 
 
3.2. Patterns of NDVI changes 
Figure 11 shows the 1.1 km NDVI trends between 1981 and 2015 in Spain at the seasonal and annual scales 
obtained with the Sp_1km_NDVI dataset. At the annual scale the changes are less spatially contrasted in 
comparison to what is found at the seasonal scale. At the annual scale, the changes are dominantly positive 
(the average magnitude of change for the annual NDVI in the period 1981-2015 was 0.056) (Supplementary 
Figure 3). Nevertheless, although the general pattern indicates a dominant NDVI increase across the country, 
there are also regions that have showed a general NDVI decrease. This is clearly evident in the eastern 
Mediterranean coastland, areas of central Spain, sectors of the Ebro basin and also large areas of Southwest 
and also the Southeast Spain. For example, the areas of greenhouses of Southeast Spain are well 





by a strong NDVI increase in the East, Northwest Pyrenean area but mostly in areas of the Ebro basin in 
which large irrigated lands have been created.  
 
 
Figure 11: Magnitude of change of the 1.1 km2 NDVI trends for Spain (1982-2014).  
 
At the seasonal scale there are more spatial contrasts, although the magnitude of change has also been 
dominantly positive (winter: 0.065 NDVI units/34 years, spring: 0.05 NDVI units/34 years, summer: 0.045 
NDVI units/34 years and autumn: 0.06 NDVI units/34 years). In winter there is a dominant NDVI trend 
across the territory although there are not large areas characterised by strong NDVI changes. On the 
contrary, in spring and summer the Sp_1km_NDVI dataset identifies important changes in large regions. In 
spring there is a general decrease of NDVI values in the Guadalquivir valley but also in areas of Western and 
in central peninsular Spain, in some sectors of the Ebro basin and also in the East of the Mediterranean 
coastland. In summer, the main positive changes are identified in some small areas of West Spain and the 
Ebro basin, but also strong decrease of the NDVI is recorded in large areas of central peninsular Spain. Thus, 
in the Duero basin there are large areas affected by negative changes of the NDVI. 
There are dominant positive and significant NDVI trends at the annual and seasonal scales (Figure 12). Thus, 
the 95.1% of Spain shows positive annual NDVI trends, and 79.6% positive and significant trends (Table 2). 
Only 4.85% of Spain shows negative trends and thus in less than the 1% of the territory the trends are 





Summer is the season that records a lower percentage of positive and significant trends (57.1%), showing a 
13.3% of negative trends.  
 
Figure 12: Sign and significance of the 1.1-km2 NDVI trends for Spain (1982-2014). 
 
Table 2: Percentage of surface area affected by significant and non-significant NDVI trends at seasonal and annual 
scales 
 Negative (p < 0.05) Negative (p > 0.05) Positive (p > 0.05) Positive (p < 0.05) 
Annual 1 4 16 80 
Winter 0.5 4 22 74 
Spring 3 9 26 62 
Summer 2 11 30 57 
Autumn 2 6 19 74 
 
 
3.3. Connection with land cover and average climate conditions 
There are not important differences in the recorded NDVI changes between 1981 and 2015 as a function of 
the average climatic conditions. There are not significant correlations between the average annual 
precipitation and the recorded annual and seasonal NDVI magnitude of change. The same pattern is 






Figure 13: Box plots showing the seasonal and annual NDVI magnitude of change for the main land cover types 
 
The magnitude of NDVI change observed in the different 1982 -first year complete of the serie- land cover 
types is showed in Figure 13. The changes are showed in percentage values instead of NDVI units to be 
comparable among land cover types that may show very different average values. In general, all the analysed 
land cover types in 1982 have showed an increase of the NDVI. At the annual scale, the mean magnitude of 
change in percentage is positive in the different land cover classes. Maximum increase is found in irrigated 
vineyards and fruit-tree plantations. In general, the coniferous forests show a higher average increase than 
deciduous and mixed forests, and similar to the observed trend in shrubs and pastures. These patterns tend to 
be repeated at the seasonal scale but spring shows lower differences in the magnitude of change and between 
the different land cover types, in comparison to the other seasons of the year.  
Nevertheless, although analysing the magnitude of the changes it is difficult to extract relevant differences 
among the land cover categories, the percentage of surface area for the different land covers that is affected 
by significant trends show some noticeable differences (Table 3). The different land cover types show a 





between the surface with positive and significant trends at the annual scale in the irrigated lands (54.5%), the 
arable dry lands (72.4%), and the shrubs and forests (86-92%). These percentages strongly vary at the 
seasonal scale. In spring and summer, the months in which higher vegetation activity is recorded in the study 
area the differences among land cover types clearly emerge. In spring more than 30% of the irrigated lands 
showed a negative trend (10.79% statistically significant), and in summer, the period of higher activity of 
this land cover type, the negative trends were recorded in the 35% of the irrigated lands, with 13.5% of the 
lands showing a significant trend. The exceptions are the irrigated fruit and vineyard plantations, in which 
the areas characterised by positive and significant trends clearly dominate.  
In the arable dry lands, olive grows and vineyards a percentage around 50% showed positive and significant 
trends in spring, which is the season of a higher activity in these land cover types, and percentages higher 
than 15% (and > 30% in the case of the olive grows) of the land area in 1982 covered by these land uses 
showed negative trends. On the contrary, these percentages are far from those found in spring in shrub areas 
and other forest types, with positive and significant trends higher than 75%, and with negative trends in areas 
lower than 5%. This pattern is also reproduced in summer months in which natural vegetation areas 
characterised by forests and shrubs show a dominant positive trend. A particular behaviour was observed in 
the Eucalyptus forest, which showed a lower percentage of positive and significant trends and even in 
summer a high percentage of surface was characterised by negative trends.  
The connection between the magnitude of change of the NDVI observed between 1981 and 2015 in each 
land cover type and the average climate conditions is showed in Supplementary Figures 6 to 20. In general, 
the relationships are not statistically significant, which suggest that the average climate conditions recorded 
in each region are not a noticeable factor that may explain the patterns of NDVI trends recorded in 






Table 3: Seasonal and annual significance of the NDVI trends (1982-2014) for the different land cover types, in %. 
Annual IR A F O V V-O M P S P-S C E L MF V-F 
Neg. (<0.05) 6.98 0.54 0.18 1.69 1.37 0.62 0.34 0.54 0.15 0.35 0.12 3.22 0.11 0.11 0.67 
Neg. (no sign.) 12.05 5.17 0.82 5.51 11.26 8.14 1.18 2.26 1.49 1.49 1.59 16.18 1.52 0.65 9.53 
Pos. (no sign.) 26.45 21.90 11.48 17.62 27.14 30.70 5.57 13.74 9.30 11.26 8.24 32.07 8.49 6.98 14.63 
Pos. (<0.05) 54.52 72.39 87.52 75.19 60.24 60.54 92.91 83.46 89.06 86.90 90.05 48.52 89.88 92.26 75.17 
Winter IR A F O V V-O M P S P-S C E L MF V-F 
Neg. (<0.05) 4.20 0.28 0.05 1.61 0.25 0.49 0.24 0.32 0.08 0.18 0.10 1.76 0.03 0.01 0.67 
Neg. (no sign.) 9.89 4.90 0.88 5.18 6.49 3.70 1.97 2.44 2.08 1.78 1.63 12.19 1.87 0.98 4.66 
Pos. (no sign.) 29.65 27.13 13.23 21.11 31.72 26.39 19.99 24.63 15.87 20.22 11.43 31.18 19.34 10.22 15.52 
Pos. (<0.05) 56.26 67.69 85.85 72.10 61.54 69.42 77.80 72.61 81.97 77.82 86.83 54.87 78.76 88.79 79.16 
Spring IR A F O V V-O M P S P-S C E L MF V-F 
Neg. (<0.05) 10.79 4.59 0.54 10.81 5.22 10.11 0.63 1.93 0.31 1.02 0.16 0.77 0.24 0.13 1.11 
Neg. (no sign.) 20.30 13.65 4.53 21.81 13.84 22.56 3.15 6.90 2.88 4.62 2.14 10.34 2.05 1.11 6.21 
Pos. (no sign.) 31.15 32.25 23.47 25.86 27.01 32.80 19.37 36.57 19.22 28.64 13.07 39.91 21.19 10.46 17.96 
Pos. (<0.05) 37.76 49.51 71.46 41.52 53.93 34.53 76.85 54.60 77.59 65.72 84.63 48.97 76.52 88.29 74.72 
Summer IR A F O V V-O M P S P-S C E L MF V-F 
Neg. (<0.05) 13.47 2.00 0.39 0.74 4.92 3.21 0.33 1.23 0.51 0.77 0.46 5.22 0.70 0.86 2.00 
Neg. (no sign.) 21.75 19.16 1.87 6.54 15.98 14.06 2.41 10.42 4.77 6.12 4.18 27.30 7.32 3.97 11.53 
Pos. (no sign.) 28.65 38.28 16.09 25.05 34.50 45.25 14.95 41.31 23.53 28.51 18.27 35.59 26.98 21.13 19.96 
Pos. (<0.05) 36.13 40.56 81.65 67.67 44.61 37.48 82.31 47.03 71.19 64.60 77.10 31.89 65.01 74.03 66.52 
Autumn IR A F O V V-O M P S P-S C E L MF V-F 
Neg. (<0.05) 10.86 1.27 0.25 0.62 8.84 3.08 0.23 1.07 0.41 0.44 0.30 8.61 0.38 0.19 4.43 
Neg. (no sign.) 17.26 7.87 2.20 3.24 20.26 9.25 3.27 2.97 2.93 3.25 2.76 21.85 4.35 2.30 9.98 
Pos. (no sign.) 25.73 22.85 18.89 12.99 29.35 30.09 23.10 17.04 13.31 15.99 12.07 31.80 14.42 12.41 18.63 







4. Linking tree-ring growth and satellite-derived NDVI in multiple forests. Temporal-scale matters.    
   
4.1. Datasets description and methods 
In addition to the NDVI data described above, this thesis used tree-ring width information obtained using 
dendrochronological methods, covering most of the forested areas in the peninsular Spain and the Balearic 
Islands (Figure 14), which were provided by different research teams in Spain. The samples were processed 
by these teams following the same approach: for each forest, at least 10-15 healthy, dominant or codominant 
trees were selected and cored at 1.3 m using increment borers to obtain 2-3 cores per tree. For each sampled 
stand, latitude, longitude and mean elevation were recorded. Wood samples were sanded until rings were 
clearly visible and then visually cross-dated. Tree-ring width was measured to the nearest 0.01 mm using 
binocular microscopes and measuring device systems (Lintab, F. RinnTech., Germany; Velmex Inc., USA). 
The accuracy of visual cross-dating and measurements was checked using the COFECHA program, which 
uses moving correlations between each individual tree-ring series and the mean site series to check the cross-
dating accuracy (Holmes, 1983). 
Tree-ring width measurements were converted into residual indices using standard dendrochronological 
protocols (Fritts, 1976). Specifically, the individual series of tree-ring widths were detrended using a 
negative exponential curve and residuals were obtained by dividing the observed values by the fitted ones. 
Finally, the individual standardized series were averaged into site mean chronologies of tree-ring width 
indices (hereafter TRWi) using bi-weight robust means. The mean site-level chronology represents the 
average growth series of a variable number of trees of the same species growing at the same site. Overall, the 
low- to mid-frequency variability was removed, while keeping the high-frequency variability and the first-
order autocorrelation since no autoregressive modelling was performed. Table 1 lists the number of forests 
with dominant species in the available dataset. The species with a higher number of sampled stands are Pinus 
halepensis (117 forests), followed by Pinus sylvestris (76) and Pinus nigra (66). While the dataset is 
dominated by conifers, it is also characterized by a good sampling of Fagaceae (Fagus sylvatica -9%-, 
Castanea sativa -1.8%-, besides several Quercus species -17.5%-). Spatial distribution of the species 






Figure 14: Spatial distribution of the tree-ring dataset available in the peninsular Spain and the Balearic Islands. Each 
point represents a sampled forest. 
 
The NDVI data was also processed since it can be affected by trends in the time series as a consequence of 
different factors including CO2 fertilization (Donohue et al., 2013), and forest densification (Vicente-Serrano 
et al., 2004). For this reason, and to be comparable with the available de-trended tree-ring series, the semi-
monthly NDVI series were detrended. For this purpose a linear regression analysis was used to fit NDVI 
(dependent variable) with time (independent variable). The residuals of the model were summed to the 
average of the entire semi-monthly period to have detrended NDVI series. To quantify the NDVI-TRWi 
associations, Pearson correlation coefficients between the annual TRWi and the detrended semi-monthly 
NDVI series were calculated at each forest site. Since the cumulative NPP over long periods can give better 
estimations of tree-ring width than that of shorter periods (Gough et al., 2008; Zweifel et al., 2010), it was 
preferred to correlate the annual TRWi with the NDVI summarized at different time scales (for NDVI time 
scales, it is referred to the average NDVI over the previous n biweekly periods). This is simply because 
linking TRWi with semi-monthly NDVI can give less reliable results (see Vicente-Serrano et al., 2016). In 





better relationship with tree-ring growth, as observed in different studies (Arzac et al., 2016; Pasho et al., 
2011; Vicente-Serrano et al., 2014). 
Table 4: Tree species, abbreviations and number of sampled forests. The annual water balance was defined as the 
difference between precipitation and the reference evapotranspiration (ETo). 













Abies alba (ABAL) 48 0.32 13.06 1441.08 486.46 
Abies pinsapo (ABPN) 15 0.26 17.64 1469.77 296.28 
Castanea sativa (CASA) 10 0.43 17.53 928.83 -139.96 
Fagus sylvatica (FASY) 51 0.39 14.72 1213.45 283.87 
Juniperus thurifera (JUTH) 16 0.28 17.21 690.61 -397.87 
Pinus halepensis (PIHA) 117 0.26 19.99 600.31 -617.18 
Pinus nigra (PINI) 66 0.29 17.06 753.91 -344.72 
Pinus pinaster (PIPI) 20 0.32 18.78 705.39 -454.55 
Pinus pinea (PIPN) 9 0.27 20.10 551.33 -665.18 
Pinus sylvestris (PISY) 76 0.32 14.74 959.48 -36.94 
Pinus uncinata (PIUN) 39 0.23 10.18 1445.58 576.37 
Quercus faginea (QUFA) 19 0.36 16.82 976.20 -125.80 
Quercus ilex (QUIL) 5 0.31 17.42 786.00 -338.58 
Quercus petraea (QUPE) 7 0.41 15.67 1062.21 114.98 
Quercus pyrenaica (QUPY) 34 0.40 16.22 878.32 -142.55 
Quercus robur (QURO) 34 0.46 16.22 1484.47 594.25 
 
NDVI time scales refer to average NDVI over the previous n semi-monthly periods (i.e., two per month). 
Then the TRWi series were correlated with the 24 NDVI semi-monthly series at time scales varying from 1 
to 48 semi-monthly periods (i.e., two years). The NDVI values were considered not only for the 
corresponding year, but for the previous year as well to account for any possible lag effect, given that tree-
ring growth may be impacted by tree activity and climate conditions during the previous year (Fritts, 1976). 
For each site chronology (mean TRWi series), 2304 correlations were calculated (48 semi-monthly periods × 
48 time-scales). This procedure allowed for determining whether the TRWi are linked more to the semi-
monthly NDVI values of the previous and/or the corresponding year and also define the period with 





The high diversity in the patterns of correlations between the TRWi and the NDVI series was summarized 
using a S-mode Principal Component Analysis (PCA; (Richman, 1986)). A correlation matrix was used to 
calculate the Principal Components (PC), and the components were obtained from the original correlation 
coefficient values using the weight coefficients of each forest in each component. The number of retained 
components was defined based on the percentage of the total explained variance following the results of the 
scree-plot. The PC loadings were mapped. They summarize the correlation between the TRWi and NDVI for 
each particular component, as well as the general pattern that represents a number of forests. Finally, each 
forest was classified by means of a maximum loading rule.  
Different sources of information were used to assess the influence of different biophysical and climate 
conditions on the links between the TRWi chronologies and NDVI variations at different time-scales. First, 
the tree species dominating the forest was assessed and their corresponding average NDVI values. Second, 
this thesis focused on the role played by a range of climatic variables (e.g. annual precipitation and mean air 
temperature). In this regard, the impact of water balance, defined as the difference between precipitation and 
reference evapotranspiration (ETo), was assessed. The ETo was calculated following the FAO-56 Penman-
Monteith equation (Allen et al., 1998). The climate data were provided at a grid resolution similar to that of 
the NDVI using a newly developed weekly gridded dataset for Spain (Vicente-Serrano et al., 2017b). 
In order to summarize the role of these climatic and environmental conditions and explain the relationship 
between the TRWi and the NDVI time-scales, the average values for these geographical variables 
corresponding to each forest were obtained. The contribution of these explanatory variables to the spatial 
differences in the TRWi responses to NDVI at different time scales was illustrated by means of different box 
plots and quantified using a Predictive Discriminant Analysis (PDA), which explains the value of a 
dependent categorical variable based on its relationship to one or more predictors (Hair et al., 1995; Huberty, 
1994). PDA allowed assessing which predictors contributed more to the PCs that summarized the TRWi-
NDVI dependency. The tree species were included in the PDA as a binary variable, so each tree species was 








4.2. Patterns of relationship between NDVI and TRWi 
Figure 15 summarizes the maximum Pearson correlation between NDVI and TRWi, the semi-monthly period 
at which the maximum correlation is recorded and the NDVI time-scale at which the maximum correlation is 
recorded. The results are provided for each tree species. In general, the maximum correlations do not show 
clear differences among tree species, albeit with slightly higher correlations found for Pinus halepensis 
forests. Notably, the maximum correlation between NDVI and tree-ring growth is recorded at shorter time-
scale (< 10 semi-monthly cumulative periods). Nevertheless, although the magnitude of correlations and 
time-scale at which maximum correlation is recorded are quite similar among all species, there are important 
differences in the semi-monthly period at which maximum correlation is recorded. For instance, in fir species 
(Abies alba and A. pinsapo) highest NDVI-TRWi correlations appear much earlier than those observed for 
tree species located in drier areas (P. halepensis, P. pinaster, P. nigra, Juniperus thurifera, and Quercus 
ilex). Species predominating in cold and often wet mountainous areas (e.g. P. sylvestris and P. uncinata) 







Figure 15: [Upper] Box plots showing the maximum Pearson correlation obtained between the NDVI series at different 
time scales and the indexed tree-ring width series for each tree species; [central] the semi-monthly period at which the 
maximum correlation is recorded, and [lower] the NDVI time-scale (in semi-months) at which the maximum correlation 
is recorded. All codes of species correspond to those listed in Table 1.   For each box plot, the central solid line 
indicates the median. The whiskers represent the 10th and the 90th, while the 25th and the 75th are plotted as the 
vertical lines of the bounding boxes. 
 
The principal component loadings show different patterns of correlation between the cumulative NDVI and 
the annual TRWi (Figure 16). The first Principal Component (PC1) represents the highest percentage of the 
total explained variance (42.1%), with the maximum correlations between NDVI and TRWi found 
considering NDVI at time-scales of 10-20 semi-monthly periods at the semi-monthly period 45 (i.e. second 
half of November). There is a coherent pattern, with NDVI-TRWi correlations that increase in agreement 





year in which the growth is recorded. The second Principal Component (PC2; 13.1% of total variance) also 
shows a coherent pattern, with the maximum correlation recorded NDVI time scale throughout 15-20 semi-
monthly periods, but in the semi-monthly period 26 (second half of January). This means that the cumulative 
NDVI values between June of the previous year to January of the year of tree-ring formation show the 
highest correlation with TRWi. The third Principal Component (PC3; 10.1% of total variance) shows the 
maximum correlation between NDVI and TRWi around the semi-monthly period 34 (first half of March) 
considering a cumulative NDVI in a period between November and March. Finally, the remaining Principal 
Components (PC4-PC6) explain low percentages of the total variance (<7%), suggesting random patterns, 
which are quite difficult to interpret.  
Figure 17 shows the spatial distribution of the PC loadings corresponding to each PC. PC1 almost shows 
higher loading values over a high percentage of all forests, summarizing the general pattern of relationships 
between TRWi and NDVI in the whole Spain. Furthermore, the importance of PC1 is three times higher than 
the PC2. In comparison to PC1, PC2 shows higher loadings for a lower number of forests, but they are 
distributed across different regions of Spain. PC3 shows higher loadings for forests located mainly in the 
Pyrenees (northeastern Spain), whereas PC4 high loadings are distributed along the Pyrenean, besides other 
forests located in different regions of the country. As opposed to other PCs, both PC5 and PC6 do not reveal 








Figure 16: Principal Component loadings extracted representing the main patterns of NDVI-TRWi correlations. The 
percentage of the variance represented by each component is shown between brackets. The values of the components 
are represented in the original variable (correlation). 
 
Figure 17: Spatial distribution of the Principal Component loadings for the six principal components extracted. Only 
significant loadings are shown. 
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Principal Component 2 (13.1%)
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Principal Component 3 (10.1%)
Semi-monthly period























Principal Component 4 (6.3%)
Semi-monthly period























Principal Component 5 (5.4%)
Semi-monthly period























Principal Component 6 (3.7%)
Semi-monthly period



























The patterns of the relationship between NDVI time scales and the TRWi is presented in Figure 18. PC1 
shows higher loadings than other components, suggesting that this pattern represents a high percentage of 
forests in Spain. Nevertheless, higher PC loadings are found for evergreen conifers, mainly living in semi-
arid to drought-prone areas (e.g. P. halepensis, P. pinaster, P. pinea and J. thurifera). The pine species that 
dominate in colder and more humid regions (e.g. P. sylvestris and P. uncinata) show lower load values. 
Among the oak species, the evergreen Q. ilex exhibits the highest loadings. The remaining PCs show lower 
loadings, but with some interesting patterns. For example, PC2 shows higher loadings for C. sativa and Q. 
robur. Similarly, PC3 indicates higher loadings for A. alba, P. uncinata and F. sylvatica, which prevail in 
cool and wet conditions or in moist and temperate regions. A cluster analysis of forests according to the 
maximum loading rule shows that PC1 accounts for 304 forests, in comparison to other PCs (e.g. PC5 [69], 
PC2 [66] and PC4 [64]) (Table 5). Notably, PC1 covers the majority of pine forests, apart from P. sylvestris 
and P. uncinata, which are also well-presented in PC3 and PC5. The highest percentage of A. alba is 
recorded in PC3, while F. sylvatica shows a higher percentage in PC4. 
Table 5: Percentage of species represented by each PC following the maximum loading rule. 
 PC1 (304) PC2 (66) PC3 (38) PC4 (64) PC5 (69) PC6 (22) 
ABAL 12.5 8.3 35.4 20.8 10.4 12.5 
ABPN 53.3 13.3 6.7 0.0 20.0 6.7 
CASA 40.0 30.0 0.0 0.0 30.0 0.0 
FASY 39.2 17.6 2.0 31.4 3.9 5.9 
JUTH 75.0 18.8 0.0 0.0 6.3 0.0 
PIHA 83.8 6.0 0.9 0.9 6.0 2.6 
PINI 68.2 10.6 4.5 3.0 9.1 4.5 
PIPI 90.0 5.0 0.0 0.0 5.0 0.0 
PIPN 100.0 0.0 0.0 0.0 0.0 0.0 
PISY 42.1 9.2 10.5 13.2 23.7 1.3 
PIUN 25.6 12.8 10.3 35.9 12.8 2.6 
QUFA 52.6 10.5 0.0 5.3 26.3 5.3 
QUIL 100.0 0.0 0.0 0.0 0.0 0.0 
QUPE 57.1 28.6 14.3 0.0 0.0 0.0 
QUPY 32.4 20.6 2.9 11.8 29.4 0.0 







Figure 18: Box plots showing PC loadings for the different tree species. For each box plot, the central solid line 
indicates the median. The whiskers represent the 10th and the 90th, while the 25th and the 75th are plotted as the 






4.3. Factors explaining the different patterns of the NDVI-TRWi relationship 
Here this thesis presents the comparison between the different PC groups of link between the TRWi and the 
NDVI time scales and the different environmental characteristics (e.g. air temperature, precipitation, etc.) of 
the forests included in each PC group. Supplementary Figure 22 summarizes the average monthly NDVI in 
the different PC groups. As depicted, there are no clear differences between PC groups during the cold 
season. Nevertheless, during the warm season, there are significant differences between PC1 and the 
remaining groups. The average NDVI values of PC1 are lower than those of other PCs during summertime 
(JJA), indicating that forests represented by this component tend to show lower average NDVI values than 
other forests. Notably, the highest average NDVI values are recorded for PC3 during summer season.  
In addition to lower average NDVI values, the forests represented by PC1 correspond to climates with higher 
air temperature (Supplementary Figures 23 and 24), compared to other PCs. This feature is more pronounced 
during the warm season. Results also reveal that PC2 shows higher average maximum and minimum air 
temperatures than PC3 and PC4. These PCs exhibit the lowest averages of air temperature, especially for 
minimum air temperature. For ETo, PC1 incorporates forests located in dry-warm areas, with higher ETo 
values than other PCs. This is mostly observed during the warm season, given that ETo is a limiting factor of 
forest growth in Spain (Supplementary Figure 25). On the contrary, PC3 and PC4 groups correspond to 
forests located in areas characterized by lower ETo values.  
Considerable differences in the average precipitation values recorded for the different PC groups were found 
(Supplementary Figure 26). PC1 represents not only the forest group characterized by the lowest NDVI 
values, highest temperatures and ETo, but it is also the group of forests characterized by the lowest average 
annual precipitation. PC2 is also characterized by low average precipitation values throughout the year. In 
contrast, PC3 and PC4 are characterized by forests located in areas with higher average precipitation values, 
even during the dry season. Finally, the water balance, defined as the difference between precipitation and 
ETo, is summarized for the different forest groups (Supplementary Figure 27). PC1 and PC2 correspond to 
forests characterized by negative water balance, especially from March to September. This suggests that the 
forests corresponding to PC1 are located mainly in sites with semi-arid climate conditions. On the other 





Overall, these results suggest that TRWi link with NDVI time-scales for the large sample of forests analysed 
is controlled mainly by the dominant tree species in every forest and the climatic characteristics. This is 
noticeably confirmed with the Predictive Discriminant Analysis (PDA) that accounts for the relative 
contribution of each factor to TRWi-NDVI dependency. Table 6 shows the centroids of the groups obtained 
through a PCA corresponding to the first three functions of the PDA and the percentage of variance 
explained by each of these functions. The first function shows the highest predictive power, representing 
52.8% of the total variance of the PDA. The second and third functions represent 19.7% and 12% of 
predictive power, respectively. The first function suggests negative values for PC1 and positive values for 
the remaining components, with the highest values found for PC3. The second function shows its maximum 
values for PC3 (positive) and PC4 (negative), which means that this function extracts some features of the 
independent variables that maximize the characteristics of the forests represented by these two components.  
Table 6: Centroids of the groups obtained through a principal components analysis corresponding to the first three 
functions of the Predictive Discriminant Analysis (PDA). The variance explained by each PDA is shown in parentheses. 
 PDA 1 (52.8%) PDA 2 (19.7%) PDA 3 (12.0%) 
Component 1 -0.583 0.039 -0.060 
Component 2 0.305 -0.063 0.530 
Component 3 1.533 0.792 -0.243 
Component 4 0.818 -1.045 -0.057 
Component 5 0.568 0.209 -0.406 
Component 6 0.479 0.490 1.133 
 
The structure matrix of the three predictive discriminant functions indicates the correlation values of each 
predictor variable with the three discriminant functions (Table 7). Function 1 shows negative values for the 
presence of P. halepensis forests with negative values of PC1 in the first function. This suggests that the 
response between TRWi and the different time-scales of the NDVI is favored in semi-arid (positive values of 
the climate water balance during the growing season) P. halepensis forests located in low elevations (given 
positive value of elevation in PDA1 = 0.43), low average NDVI values during the period of vegetation 
activity (positive values of the NDVI from June and October in PDA1), high average temperature and ETo 
values across the year (negative values of these variables in PDA1) and low precipitation (positive values in 
PDA1). These conditions are completely the opposite to forests characterized by PC3, which show high 





wet A. alba and P. uncinata forests, which show positive values in the first PDA function, located at high 
elevations, with high average NDVI values during the growing season (June to October) but negative during 
winter months with snow coverage and low vegetation activity. In addition, the climate characteristics of 
PC3 pattern are markedly different from those of PC1, given that this pattern is mainly identified in forests 
characterized by low temperatures and ETo and general humid conditions. 
The second PDA function has lower predictive capacity, but with positive values for PC3 and negative 
values for PC4. A negative value for this second function is obtained for F. sylvatica forests, indicating that 
PC4 pattern is dominant in forest of this species. This pattern is mainly characterized by low temperatures 
and ETo and high precipitation and climate water balance. In the same context, PC2 is better discriminated 
by the third PDA function, with a value of 0.53. This PC does not show a clear connection with any forest 
type, although with the positive values found for temperate Q. robur forests across wet areas. This pattern is 
favored by positive average NDVI values during the warm season and positive values of precipitation during 





Table 7: Structure matrix of the first three components of the Predictive Discriminant Analysis (PDA). The table shows the correlation values of each predictor variable with 
the three discriminant functions. The variables most representative in each of the functions are in bold. 
 
Variable type VARIABLES FUNCTION 1 FUNCTION 2 FUNCTION 3  Variable type VARIABLES FUNCTION 1 FUNCTION 2 FUNCTION 3 
Tree species 




T. MIN. MAY. -0.646 0.33 0.104 
ABPN -0.065 0.08 0.084 T. MIN. JUN. -0.661 0.33 0.053 
CASA 0.067 -0.005 -0.037 T. MIN. JUL. -0.66 0.33 -0.014 
FASY 0.111 -0.496 0.294 T. MIN. AUG. -0.659 0.326 -0.018 
JUTH -0.121 0.019 -0.018 T. MIN. SEP. -0.651 0.298 0.035 
PIHA -0.458 0.158 -0.081 T. MIN. OCT. -0.622 0.279 0.094 
PINI -0.048 0.021 -0.162 T. MIN. NOV. -0.601 0.246 0.138 
PIPI -0.075 -0.033 0.052 T. MIN. DEC. -0.582 0.219 0.156 
PIPN -0.157 0.028 -0.071 
Monthly 
evapotranspiration 
ETo JAN. -0.402 0.11 -0.025 
PISY 0.071 0.025 -0.086 ETo FEB. -0.609 0.253 -0.008 
PIUN 0.27 -0.276 -0.076 ETo MAR. -0.681 0.351 -0.018 
QUFA -0.022 0.042 -0.045 ETo APRIL -0.693 0.376 -0.008 
QUIL 0.026 0.016 -0.028 ETo MAY. -0.66 0.398 -0.047 
QUPE 0.093 0.068 0.046 ETo JUN. -0.595 0.393 -0.111 
QUPY 0.136 0.152 0.024 ETo JUL. -0.518 0.367 -0.193 
QURO 0.114 0.132 0.29 ETo AUG. -0.513 0.379 -0.152 
Topography ELEVATION 0.427 -0.253 -0.239 ETo SEP. -0.624 0.391 -0.067 
Monthly NDVI 
values 
NDVI JAN. -0.16 0.248 0.066 ETo OCT. -0.648 0.349 -0.03 
NDVI FEB. -0.146 0.275 0.131 ETo NOV. -0.5 0.187 -0.022 
NDVI MAR. -0.091 0.311 0.147 ETo DEC. -0.318 0.041 -0.038 
NDVI APR. -0.012 0.285 0.168 
Monthly 
precipitation 
PRECIP JAN. 0.349 -0.006 0.331 
NDVI MAY. 0.253 0.223 0.227 PRECIP FEB. 0.275 0.018 0.331 
NDVI JUN. 0.513 0.1 0.275 PRECIP MAR. 0.396 -0.05 0.339 





NDVI AUG. 0.694 0.007 0.329  PRECIP MAY. 0.684 -0.264 0.118 
NDVI SEP. 0.673 0.028 0.279 PRECIP JUN. 0.663 -0.298 0.001 
NDVI OCT. 0.544 0.083 0.258 PRECIP JUL. 0.65 -0.328 0.024 
NDVI NOV. 0.177 0.187 0.153 PRECIP AUG. 0.544 -0.367 -0.033 




T. MAX. JAN. -0.648 0.313 0.187 PRECIP OCT. 0.435 -0.132 0.24 
T. MAX. FEB. -0.671 0.359 0.19 PRECIP NOV. 0.444 -0.097 0.315 
T. MAX. MAR. -0.674 0.388 0.17 PRECIP DEC. 0.302 0.001 0.305 
T. MAX. APR. -0.677 0.397 0.141 
Monthly climatic 
water balance 
BALANCE JAN. 0.385 -0.02 0.321 
T. MAX. MAY. -0.67 0.417 0.098 BALANCE FEB. 0.348 -0.022 0.309 
T. MAX. JUN. -0.654 0.428 0.045 BALANCE MAR. 0.504 -0.128 0.294 
T. MAX. JUL. -0.634 0.412 -0.032 BALANCE APRIL 0.653 -0.229 0.192 
T. MAX. AUG. -0.638 0.418 -0.004 BALANCE MAY 0.705 -0.323 0.098 
T. MAX. SEP. -0.666 0.406 0.097 BALANCE JUN. 0.672 -0.359 0.051 
T. MAX. OCT. -0.68 0.385 0.154 BALANCE JUL. 0.631 -0.374 0.115 
T. MAX. NOV. -0.667 0.335 0.176 BALANCE AUG. 0.572 -0.4 0.045 




T. MIN. JAN. -0.593 0.232 0.159 BALANCE OCT. 0.517 -0.188 0.219 
T. MIN. FEB. -0.617 0.271 0.156 BALANCE NOV. 0.485 -0.115 0.303 
T. MIN. MAR. -0.62 0.298 0.139 BALANCE DEC. 0.328 -0.004 0.299 












5. Impact of drought variability on remote sensing vegetation activity in Spain: a high 
spatial resolution analysis from 1981 to 2015 
 
5.1. Datasets and methods 
Given strong seasonality of vegetation activity, and also given different vegetation types the 
NDVI magnitude is not spatially and temporally comparable in the peninsular Spain and the 
Balearic Islands. For this reason, the data from the Sp_1Km_NDVI dataset was temporally 
standardized (sNDVI) with the purpose of having series with comparable magnitudes and 
characterized by an average equal to zero and a standard deviation equal to one. For this 
purpose, a log-logistic distribution was used, which has showed better performance than others 
to obtain standardized series of different physical variables (Vicente-Serrano and Beguería, 
2016). Moreover, to avoid that land cover changes could disturb the temporal relationship 
between drought severity and NDVI and after testing different thresholds, the areas that showed 
a decrease in the annual NDVI higher than 0.05 units and an increase higher than 0.15 units 
between 1981 and 2015 were removed from analysis. There are also other areas that although 
more gradual, they also show NDVI changes, mostly characterised by a positive NDVI trend in 
large areas of Spain as a consequence of rural exodus and natural revegetation processes (Hill et 
al., 2008; Vicente-Serrano et al., 2018). To avoid an influence of these dominant positive trends, 
we have detrended the standardized NDVI series by means of a linear model, adding to the 
residuals the average over the entire period.  
For the quantification of the drought variability a high spatial resolution gridded meteorological 
variable available was used for peninsular Spain and the Balearic Islands. This dataset matches 
the spatial resolution and the temporal frequency and coverage of the NDVI data. The dataset 
includes the following climate variables: precipitation, maximum and minimum air temperature, 
relative humidity, sunshine duration and wind speed. This dataset has been based on a careful 
quality control and homogenization of the complete meteorological daily series of the Spanish 
Meteorological Agency (AEMET). Details of the dataset and the methodological approach used 
for gridding and data validation can be found at Vicente-Serrano et al. (2017). Using the gridded 





56 Penman-Monteith equation was used for calculations (Allen et al., 1998). With the gridded 
data of precipitation and AED at the semi-monthly temporal resolution from 1981 to 2015, we 
calculated the Standardized Precipitation Evapotranspiration Index (SPEI) (Vicente-Serrano et 
al., 2010) at time scales of 1- to 48- semi-monthly periods, which cover the common 1- to 24-
month time scales. The SPEI is one of the most widely used drought indices worldwide and it 
has showed advantages regarding others to identify drought impacts in a number of 
socioeconomic (Bachmair et al., 2015; Stagge et al., 2015), agricultural (Peña-Gallardo et al., 
2018a) and environmental (Vicente-Serrano et al., 2012; Bachmair et al., 2018) drought 
impacts. Regarding other drought indices, like the Palmer Drought Severity Index (PDSI), the 
SPEI has the advantage of being calculated on different time scales, but it has also advantages 
regarding the Standardized Precipitation Index (SPI) (McKee et al., 1993) since in addition to 
the precipitation, it includes the AED, which is essential in the current climate change scenario 
in which the AED has noticeably increased in the last decades in Spain (Vicente-Serrano et al., 
2014b). Vicente-Serrano et al. (2014a) showed that including AED in the drought quantification 
explains better streamflow variability than using precipitation alone. 
The use of different drought time scales is absolutely essential to quantify the response of 
different hydrological and environmental systems to drought (Vicente-Serrano et al., 2011; 
Vicente-Serrano et al., 2013). The time scale refers to the period in which antecedent climate 
conditions are accumulated and it allows to determine accurately the drought impacts since 
different hydrological systems show different responses to the time scales of climate variability 
(López-Moreno et al., 2013; Barker et al., 2016) but also ecological and agricultural systems 
show strong differences in the response to different time scales of climatic droughts (Pasho et 
al., 2011; Peña-Gallardo et al., 2018b) given different biophysical conditions, but also the 
different strategies of vegetation types to cope with water stress (Chaves et al., 2003; McDowell 
et al., 2008), which are strongly variable in complex Mediterranean ecosystems. The influence 
of drought on vegetation activity and forest growth is extremely difficult to be assessed, due to 
is related to complex and not well-known physiological strategies (Chaves et al., 2003), and also 





et al., 2018), which makes absolutely necessary to use drought indices that can be calculated on 
flexible time scales since it is not known a priori the most suitable period at which the NDVI is 
responding. Semi-monthly SPEI data was also de-trended to be compared with the de-trended 
sNDVI so both datasets have the same units (standardized anomalies) with no trends in the 
different series. 
Finally, a new land cover map was used with the purpose of determining the possible influence 
of land cover on the response of the NDVI to drought severity. For this purpose the official 
CORINE land cover for 2000 (https://land.copernicus.eu/pan-european/corine-land-cover) was 
selected date because it corresponds approximately to the mid of the analysed period and it can 
be more representative for the long analysed period.       
Pearson’s correlation coefficients were used to determine the relationship between the 
interannual variability of the sNDVI and the SPEI. This was analysed for each semi-monthly 
period of the year. The correlation between the sNDVI with the SPEI was calculated at time-
scales between 1- and 48-semi-month time scales. Significant correlations were set at p < 0.05. 
Since it is not known a priori what the time scale is which maximum correlation is identified, 
the maximum correlation found between the sNDVI and the different SPEI time scales was 
retained, independently of the time scale at which this maximum correlation is recorded. In 
addition, the time scale at which the maximum correlation is recorded was also retained to 
determine possible spatial and seasonal differences and differences among the land cover 
categories.   
The correlations obtained, but also the time-scales at which the relationship is obtained, were 
related to the average climate conditions, including the aridity (precipitation minus AED) and 
the average temperature. These data were obtained from the average values of the climate 
gridded dataset described above. 
 
5.2. General Influence of the SPEI on the sNDVI 
Figure 19 shows an example of the spatial maps of the Pearson’s r correlations between the 





monthly periods). The results are showed for the second semi-monthly period of each month 
between April and July. The maps clearly illustrate the different response of the NDVI to the 
drought time scales. This stress the need of considering different drought time scales to know 
the climate cumulative period that mostly affects vegetation activity. In this case, it is evident 
that the 6-month time scales are more relevant to explain vegetation activity in large areas of 
Southest and Southwest of Spain during the second half of April, but vegetation activity is more 
determined by the 12-month SPEI in the Ebro basin (northeast). In the 2nd period of May the 6-
month and 12-month SPEI seem to produce similar results but in June and July the 12-month 
outperforms the results obtained with the 6-month SPEI. Supplementary Figures 28 to 31 show 
different density plots illustrating how the magnitude of correlations obtained over Spain 
between the SPEI and the sNDVI show strong changes as a function of the analysed semi-
monthly period but also as a function of the SPEI time scale. These plots clearly illustrate how 
correlations tend to be higher during the warm season (May to August) and at time scales 
between 6 and 24 months. 
 
Figure 19: Examples for different semi-monthly periods on the spatial differences in correlation between 






Figure 20 summarizes the response of the NDVI to drought by means of the calculation of the 
maximum correlation between the sNDVI and the SPEI, independently of the SPEI time scale. 
The maps show strong seasonality and important spatial differences. The main sensitivity of the 
NDVI to drought is recorded during the warm season (May to August), in which the highest 
correlations are found. On the contrary, between September and April the sensitivity of 
vegetation to drought is lower, although in some areas (e.g. the Southeast Mediterranean 
coastland) the sensitivity remains relevant throughout the entire year. Table 8 shows a summary, 
with the percentage of Spain showing significant or non-significant correlations during the 
different semi-monthly periods. It illustrates how positive and significant correlations are 
dominant across the country, but also how there is a relevant seasonal component since during 
the warm season a high percentage of Spain shows positive and significant correlations. 
Between the second half of the month of May to the second of September more than the 80% of 
the study domain shows positive and significant correlations between the sNDVI and the SPEI. 
Between 2nd June and 1st August, more than 90% of Spain shows positive and significant 
correlations. Figure 21 summarizes the average correlations between SPEI and sNDVI over the 
whole Spain, clearly showing how from the 1st April period (7th) the response of the sNDVI to 
the SPEI increases noticeably until July (13th), month in which the maximum average 






Figure 20: Spatial distribution of the maximum correlation between the sNDVI and the SPEI during the 
different semi-monthly periods. 
 
Table 8: Percentage of the total surface area in Spain showing positive or negative, significant or non-
significant Pearson’s r correlations between the sNDVI and the SPEI. 
 Neg. (p < 0.05) Neg. (p > 0.05) Pos. (p > 0.05) Pos. (p < 0.05) 
1st Jan 0.3 9.8 41.3 48.6 
2nd Jan 0.4 8.7 40.2 50.7 
1st Feb 0.3 7.5 39.9 52.3 
2sd Feb 0.1 7.5 39.0 53.4 
1st Mar 0.2 8.9 41.6 49.4 
2sd Mar 0.2 11.3 38.2 50.3 
1st Apr 0.0 7.6 34.9 57.5 
2sd Apr 0.0 3.4 27.0 69.7 
1st May 0.0 1.6 19.0 79.4 
2sd May 0.0 0.9 14.2 84.9 
1st Jun 0.0 1.2 10.8 88.0 
2sd Jun 0.0 0.5 7.4 92.0 
1st Jul 0.0 0.3 5.3 94.4 
2sd Jul 0.0 0.1 4.5 95.4 
1st Aug 0.0 0.1 5.9 94.1 
2sd Aug 0.0 0.2 10.6 89.2 
1st Sep 0.0 0.6 14.0 85.4 
2sd Sep 0.0 0.4 16.9 82.6 
1st Oct 0.0 1.5 24.5 74.0 
2sd Oct 0.0 1.9 31.1 67.0 
1st Nov 0.0 4.5 35.6 59.8 
2sd Nov 0.0 4.8 41.8 53.4 
1st Dec 0.0 4.4 38.9 56.7 






Figure 21: Average and standard deviation of the Pearson’s r correlation coefficient between the sNDVI 
and the SPEI in Spain.  
The response of the sNDVI to different times scales of the SPEI show strong complexity. Figure 
22 shows the spatial distribution of the SPEI time scale at which maximum correlation is found 
between the SPEI and the sNDVI in each one of the 24 semi-monthly periods of the year. There 
are very important spatial and seasonal differences, which are masked with the estimated 
average values of the SPEI time scale recorded for the different semi-monthly periods (Figure 
23), which are quite similar (oscillating between 18 and 22 semi-monthly periods -9 to 11 
months-) throughout the year. In general, the areas and periods with higher correlations between 
the sNDVI and the SPEI are recorded at time scales between 7 and 24 semi-months (3-12 
months) and this pattern is mostly recorded between May and July (Supplementary Figure 32), 
the period in which the sNDVI variability is more sensitive to the SPEI. Nevertheless, there are 
not general patterns that suggest a dominance of the maximum correlations associated to a 
certain SPEI time scale (Supplementary Figure 33) and this pattern is not driven by the presence 
of different land cover since the different boxplots are quite similar among the different land 
cover types (Supplementary Figures 34 to 44).    
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Figure 22: Spatial distribution of the SPEI time scales at which the maximum correlation between sNDVI 
and SPEI is found in each one of the semi-monthly periods. 
 
Figure 23: Average and standard deviation of the SPEI time scale at which the maximum Pearson’s r 
correlation coefficient between the sNDVI and the SPEI is found in Spain. 
  
5.3. Land cover differences  
There are relevant differences in the magnitude and seasonality of the Pearson’s r correlation 
coefficients considering different land cover types. Figure 24 shows the average and standard 
error of the average maximum Pearson’s r coefficients between the sNDVI and the SPEI for the 
different land cover types and the 24 semi-monthly periods. It shows strong differences among 
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the magnitude of correlations but also in the period of the year in which these correlations are 
recorded. The non-irrigated arable lands show a clear increase in the magnitude of the 
correlations between April to June, in which a peak of significant correlation is recorded but a 
decrease in the magnitude of correlations to the end of the year. The majority of the surface of 
this land cover shows positive and significant correlations between May and September 
(Supplementary Table 3), with percentages close to 100%. On the contrary, irrigated lands do 
not show so clear signal of response to the drought variability during the warm season and 
although a seasonal pattern is also recorded, this is much less pronounced than the recorded for 
non-irrigated arable lands. In any case, irrigated areas characterized by positive and significant 
correlations between sNDVI and SPEI are dominant during summer months (Supplementary 
Table 4).  
 
Figure 24: Average and standard deviation of the Pearson’s r correlation coefficient between the sNDVI 
and the SPEI in the different land cover types analysed. 
Non-irrigated arable lands



















































































































































Vineyards also show a clear seasonal pattern. Nevertheless, the peak of maximum correlations 
is displaced in comparison to that observed in the non-irrigated arable lands in July and August, 
but also high average correlation values are recorded until October. Thus, between May and 
October high percentage of vineyards shows positive and significant correlations between the 
sNDVI and the SPEI (Supplementary Table 5). Olive groves show a peak of correlation 
between the sNDVI and the SPEI in the second half of May, followed by a decrease in the 
magnitude of the correlations to September, showing also an increase of the magnitude of 
correlations in October, which suggest a quasi bi-modal peak of response, also observed in the 
percentage of the surface area showing significant correlations (Supplementary Table 6). The 
dominant areas of natural vegetation clearly show a unimodal pattern of response of the sNDVI 
to the SPEI, with peaks of maximum correlation during the active summer season. The peak of 
maximum correlations tends to be recorded in July and August for the different forest types but 
earlier (June) for the natural grasslands and the areas of sclerophillous vegetation. Mixed forests 
tend to show a lower magnitude in the correlation values than the broad-leaved and the 
coniferous forests. In any case, the majority of the area covered by these types of land cover 
show positive and significant correlations between the sNDVI and the SPEI during summer 
months (Supplementary Tables 7 to 13). 
The SPEI time scales at which the maximum correlations between the sNDVI and the SPEI are 
found vary among the different land cover types (Figure 25). For non-irrigated arable lands the 
SPEI time scale showing maximum correlation with the sNDVI is recorded in average at time 
scales between 11 and 21 semi-monthly periods. During the period in which higher correlations 
are recorded (May-June), the crops respond mostly to the climate conditions recorded between 
December and June. Irrigated lands show a clear seasonal pattern. Maximum correlations tend 
to be recorded at time scales between 12-18 semi-monthly periods (6-months) between 
November and May but in the summer season the time-scales with maximum correlations 
between sNDVI and SPEI increase to 25-28 semi-monthly periods. Vineyards also show certain 





vegetation areas show less seasonality in the SPEI time scales that mostly control interannual 
sNDVI variability. They oscillate between 30 semi-monthly periods in the cold season to 20 
semi-monthly periods during the warm season in the different forest types, sclerophillous 
vegetation areas and the areas of transition wood-scrub. Exceptions are natural grasslands, 
which tend to show a response to shorter SPEI time-scales (20 semi-monthly periods in winter 
and 15 in spring and early summer).  
 
Figure 25: Average and standard deviation of the SPEI time scale at which the maximum Pearson’s r 
correlation coefficient between the sNDVI and the SPEI in the different land cover types analysed. 
 
5.4. Influence of average climate conditions                
The sensitivity of the sNDVI to the SPEI variability is strongly related to the average climate 
conditions, summarized by the climate aridity and the mean air temperature. Figure 26 shows 
the relationship between the spatial distribution of the aridity and the spatial distribution of the 
maximum correlation between the sNDVI and the SPEI. It clearly shows that for most of the 
Non-irrigated arable lands






































































































































































semi-monthly periods of the year there is a significant negative relationship between the aridity 
and the maximum correlation between sNDVI and SPEI, which means that vegetation activity 
in arid sites is mostly controlled by the SPEI variability. Significant relationships have been 
found from December to June. Nevertheless during the warmest months (July and August), 
there is not a significant relationship between the sensitivity of the sNDVI to the SPEI and the 
aridity conditions. A similar pattern is observed with the analysis of the relationship with the 
average temperature (Figure 27). There are general positive and significant relationships 
between March and June, but there is not a control of the spatial correlation patterns by the 
average air temperature during the summer season.   
These general patterns strongly vary as a function of the land cover (Supplementary Figures 45 
to 55). In the non-irrigated arable lands, there are strong negative relationships between the 
sNDVI/SPEI correlation and the spatial distribution of aridity between March and May, 
coinciding with the period of higher vegetation activity in this land cover type, and also with the 
period of higher average correlations between sNDVI and the SPEI, suggesting that non-
irrigated arable lands located in the most arid areas are more sensitive to drought variability than 
those located in humid regions. The correlations observed in irrigated lands, vineyards and olive 
groves are not significantly related with aridity in any period of the year. Nevertheless, in the 
different natural vegetation categories the relationships are negative and statistically significant 
during large periods. The mixed agricultural/natural vegetation areas show a significant 
relationship between October and July and very negative coefficients are recorded at the 
beginning of the summer season (< -0.7). Broadleaved and coniferous forests, scrubs and 
pasture lands also show a negative relationship between the spatial patterns of the sNDVI/SPEI 








Figure 26: Scatterplots showing the relationships between the maximum correlations obtained between the sNDVI and the SPEI and the climate aridity (Precipitation minus 
Reference Evapotranspiration). Given the high number of points the signification of correlation was obtained by means of 1000 random samples of 30 cases from which 







Figure 27: Scatterplots showing the relationships between the maximum correlations obtained between the sNDVI and the SPEI and the average air temperature. Given the 
high number of points the signification of correlation was obtained by means of 1000 random samples of 30 cases from which correlations and p-values were obtained. The 






The relationship between sNDVI vs. SPEI correlations and the average air temperature over the 
entire peninsular Spain and Balearic Islands shows that in spring the control of the sNDVI by 
the SPEI is correlated with the air temperature, so the warmer areas are those in which the 
sNDVI is more controlled by drought (Figure 26). Moreover, during the warm season this 
pattern disappears and the spatial patterns of correlations between sNDVI and SPEI do not show 
any control by the average temperature. The connection of the NDVI-SPEI relationships with 
average temperature also varies among different land cover types (Supplementary Figures 56 to 
66). For example, in the non-irrigated arable lands there is a positive and significant relationship 
between March and April, which means that areas in which the interannual variability of the 
sNDVI is more controlled by the SPEI tend to coincide with average warmer conditions. As 
observed for aridity, the relationship between the SPEI and the sNDVI in irrigated lands is not 
sensitive to the spatial patterns of the average temperature. This pattern is also recorded for 
vineyards and olive groves. Nevertheless, the areas of natural vegetation show a clear 
relationship between the sNDVI and the SPEI correlations and the spatial distribution of 
temperatures. In the mixed agriculture/natural vegetation areas there is a significant positive 
spatial association between the sNDVI and the SPEI between October and May. On the 
contrary, in summer months the association is not statistically significant. The general 
association during spring and the lack of association during summer is recorded in other natural 
vegetation classes like the broad-leaved and coniferous forests, natural grasslands, 
sclerophillous vegetation and transition wood-scrubs. 
It was also analysed if there is an association between the time-scales at which the maximum 
sNDVI/SPEI correlation is recorded, the aridity (P-ETo) and the average air temperature. The 
results are very complex. Figure 28 shows different box-plots (one for each semi-monthly 
period) in which the values of land aridity are indicated for SPEI time scales at which the 
maximum correlation between the sNDVI and the SPEI has been found. In general, during the 
cold season there are no appreciable patterns. In spring (semi-monthly periods 6th to 11th), it 





monthly periods). Nevertheless, also the regions that record the maximum correlations at short 
time scales (1-6 months) tend to show less aridity than areas that record maximum correlations 
at time scales between 7 and 24 semi-monthly periods. It means that the most arid areas mostly 
respond to the SPEI time scales between 6 and 12 months, but more humid sites are responding 
to short (1-3 months) or long (> 12 months) SPEI time-scales. 
 
Figure 28: Box plots showing the climate aridity values as a function of the SPEI time scales at which the 
maximum correlation between sNDVI and SPEI has been found 
 
Nevertheless, also the regions that record the maximum correlations at short time scales (1-6 
months) tend to show less aridity than areas that record maximum correlations at time scales 
between 7 and 24 semi-monthly periods. It means that the most arid areas mostly respond to the 
SPEI time scales between 6 and 12 months, but more humid sites are responding to short (1-3 
months) or long (> 12 months) SPEI time-scales. Nevertheless, this pattern completely changes 





sNDVI in the arid areas is mostly determined by the SPEI recorded at time scales higher than 6 
months (12 semi-monthly periods). On the contrary, the most humid regions tend to respond to 
short SPEI time scales (< 3 months). 
This general pattern is highly dependent of the land cover type since it cannot be identified in 
some land covers although it is evident in others (Supplementary Figures 67 to 77). In the non-
irrigated arable lands there are not important differences of aridity as a function of the SPEI 
time-scale that recorded the maximum correlation with the sNDVI. Moreover, this pattern is 
independent of the semi-monthly period considered. In the vineyards summer months also show 
a general response of the sNDVI to short SPEI time scales in areas characterized by lower 
aridity conditions, but this pattern is not identified in the olive groves. The differences in aridity 
as a function of the SPEI time scale that showed stronger correlation with sNDVI are more 
evident in natural vegetation. Areas characterized by mixed agriculture/vegetation areas show 
high complexity in winter and spring with not clear patterns in relation to the SPEI time-scales 
that show the maximum correlations. Nevertheless, in summer months there is a clear pattern 
characterized by a dominant correlation recorded at shorter time scales in the most humid areas, 
whereas the most arid sectors tend to respond to very long SPEI time-scales (> 12 months). This 
pattern is clearly recorded from June to September. The pattern is not so well identified in the 
broad-leaved forests although the response to short SPEI time scales seems to be more frequent 
in the less arid broad-leaved forests. On the contrary, coniferous forests, sclerophylous 
vegetation and the transition wood-scrub show a relationship between the aridity and the 
average SPEI time-scales at which maximum correlation with the sNDVI is recorded during 
summer months. Natural grassland areas show a completely different pattern between spring 
and summer months since in spring the grasslands located in the most arid sites show dominant 
correlation at short SPEI time scales. On the contrary, from July to September, these areas 
follow the same pattern observed in other natural vegetation areas, characterized by maximum 






Figure 29: Box plots showing the air temperature values as a function of the SPEI time scales at which 
the maximum correlation between sNDVI and SPEI has been found 
 
There is also a certain relationship between the spatial distribution of the average temperature 
and the SPEI time scales at which maximum correlation between sNDVI and SPEI is recorded 
(Figure 29). In early spring, short SPEI time scales are dominant in the warmest areas, whereas 
dominant long SPEI time scales are recorded in colder regions. Nevertheless, from June to 
September is recorded the opposite pattern, characterized by dominant short SPEI time scales in 
cold sites and long SPEI time scales in warm areas. These patterns show strong differences 
among vegetation types, but the natural vegetation areas tend to reproduce the general behavior 
(Supplementary Figures 78 to 88). 
The spatial distribution of the different land cover types analysed in this study (excluding the 
irrigated lands in which the anthropogenic factors are determinant) show a clear gradient 





vineyards, olive groves, non-irrigated arable lands and the sclerophyllous natural vegetation are 
located in the most arid sites (Figure 30). Nevertheless, it is also found a gradient of these land 
cover types related with the sensitivity to drought. Therefore, the land cover types located under 
more arid conditions show a higher response of the NDVI to the SPEI than those located under 
more humid bioclimatic conditions. For example, the mixed forests show lower correlations 
than the different crop types but also than the rest of the vegetation areas. Thus, there is a linear 
relationship between the climate aridity in which each land cover is located and the maximum 
response of the sNDVI to the SPEI. This pattern is identified during the different semi-monthly 
periods of the year, although the differences are much more important in spring and autumn. In 
summer months the differences in correlation are smaller between the different land cover 
categories, independently of the aridity conditions. 
There are also differences in the average SPEI time scale at which the maximum sNDVI vs. 
SPEI correlation is obtained but in this case the pattern is more complex, with noticeable 
seasonal differences in the pattern of relationship with the climate aridity of the different land 
cover types (Figure 30). In spring and late autumn the land cover types located in more arid 
conditions tend to respond to shorter SPEI time scales than the land cover types located in more 
humid sites. Nevertheless, this pattern is not recorded at the beginning of the summer (June) but 
it changes in late summer and early autumn, in which the most arid land cover types (vineyards 
and olive groves) tend to respond at longer SPEI time scales than the different forest types 







Figure 30: Scatterplots showing the relationship between the mean annual aridity and the maximum 
correlation found between the sNDVI and the SPEI in the different land cover types analysed in this 







Figure 31: Scatterplots showing the relationship between the mean annual aridity and the SPEI time scale 
at which the maximum correlation is found between the sNDVI and the SPEI in the different land cover 
types analysed in this study. Vertical and horizontal bars represent ¼ of standard deviation around the 












6. Discussion  
 
6.1. Development of the Sp_1km_NDVI dataset 
The developed NDVI dataset described in this study has been based on a standard methodology, 
in which accurate post-launch calibration coefficients, and a cross-calibration among satellites 
and sensors has been used following the specifications of different technical documents. Cloud 
cover removal has been also carefully applied and also topographic correction to diminish the 
role of the complex topographic conditions in Spain. Atmospheric correction to the images was 
not applied as observed in other datasets [e.g., Kaufman et al., 1997 and Vermote et al., 2002 
for the MODIS NDVI or (Pinzon and Tucker, 2014) for the GIMMS3g dataset]. Although 
different attempts were made to correct atmospherically the images using the Second 
Simulation of the Satellite Signal in the Solar Spectrum (6S) code (Vermote et al., 1997), non-
reliable results were found given the topographic complexity and the coarse spatial resolution 
data necessary to use the correction model. For example the ozone concentration levels 
available from Total Ozone Mapping Spectrometer (TOMS) data were available at 1.25°×1.00° 
spatial resolution (http://toms.gsfc.nasa.gov/ozone/ozone_v8.html) and missing data existed for 
1994-1996. For other more critical variables like the column water vapor available data from 
NCEP reanalysis (Kalnay et al., 1996) is even available at lower spatial resolution (2.5º x 2.5º). 
Using data at this coarse resolution caused a high uncertainty of the atmospheric correction in 
areas with high elevation gradients in short distances (> 1000 m in 50 km), which are very 
common in Spain, and resulted in strong underestimation or overestimation of the surface 
reflectances. In addition to the lack of high-resolution data for atmospheric parameters, the most 
critical parameter for atmospheric correction is not available (i.e., the Aerosol Optical Thickness 
–AOT-) since there is not a network of sun photometer in Spain to be operatively used for the 
atmospheric correction of remote sensing imagery. Although various methods have been 
developed to obtain reliable estimations of AOT from satellite imagery (e.g. Kaufman et al., 





useful to apply these procedures in opposition to the MODIS images (Huete et al., 2002). 
Therefore, given existing uncertainties to apply an accurate atmospheric correction to the daily 
images and the over- or under- estimations in the atmospheric correction obtained in several of 
the daily scenes, it was decided to use top-of-the-atmosphere (TOA) reflectance to calculate the 
NDVI. It is known that the NDVI from non-atmospherically corrected reflectance is reduced in 
comparison to TOA reflectances given aerosol scattering, atmospheric Rayleigh scattering in 
the visible region and atmosphere molecular absorption in the near infrared region (Arino et al., 
1997). This would explain the higher NDVI values in the GIMMS3g and the MODIS NDVI 
datasets, which show an atmospheric correction, in comparison to the NOAA-SMN and the 
developed Sp_1km_NDVI, which are not atmospherically corrected. Nevertheless, although this 
could have an influence if the NDVI data is used to force vegetation or land-surface models, it 
has not an impact for the objective of our study, which was to analyse temporal trends and 
relationships of the NDVI with tree-ring and drought. Moreover, it is also not expected that the 
NDVI dataset is biased by atmospheric influences since the daily images were grouped to semi-
monthly composites, which strongly reduce the possible atmospheric influences (Holben, 1986; 
Gutman, 1989). 
More important than the effect of the use of an atmospheric correction approach was the 
existence of possible temporal inhomogeneities in the NDVI series caused by the change of 
sensor between the AVHRR/2 and AVHRR/3 instruments (Pinzon and Tucker, 2014). Although 
a cross-calibration procedure was applied to reduce the different spectral response functions of 
the different sensors by normalizing them to the spectral response of the NOAA-9 satellite 
(Trishchenko et al., 2002), a bias was still observed in the resulting NDVI series due to the 
replacement of AVHRR/2 by AVHRR/3 in satellites launched after November 2000. Although 
several trend analysis have been developed using NDVI data from AVHRR images that 
combined the AVHRR/2 and the AVHRR/3 sensors, showing coherent and robust NDVI trends 
(Heumann et al., 2007; Beck and Goetz, 2011; Stellmes et al., 2013), Pinzon and Tucker (2014) 
illustrated how this problem may have some residual effects, particularly in some land cover 





in the seasonality from 2000 was found that mostly affect to the winter season NDVI values so 
it was decided to apply a correction following Pinzon and Tucker (2014). It was not possible to 
establish a pixel per pixel comparability using SeaWIFS data, but the application of global 
average correction coefficients using the GIMMS3g dataset as reference, allowed reducing the 
possible temporal inhomogeneity in the data. Although non-physically based, the elimination of 
temporal inhomogeneities in geophysical series using statistical approaches and reference series 
is a common approach and highly necessary e.g. in climate change quantification (Peterson et 
al., 1998). Therefore, the series and the obtained results are more robust applying this kind of 
statistical correction.              
 
6.2. Comparison of the developed Sp_1km_NDVI with other global NDVI products  
The comparison of the developed Sp_1km_NDVI with other globally available datasets has 
allowed validating the performance of the NDVI dataset to analyse trends of NDVI across the 
peninsular Spain and the Balearic Islands. There is a good agreement between the spatial 
patterns of the average NDVI obtained with the Sp_1km_NDVI and the other three datasets. 
Moreover, the temporal variability over the entire territory closely resembles the other different 
datasets. The general increasing NDVI trends at the seasonal and annual scales and the 
interannual anomalies show high agreement among the different datasets, which showed in 
general high temporal correlations. Moreover, the correlations obtained between the 
Sp_1km_NDVI and the other three NDVI datasets was comparable to the magnitude of 
correlations existing among the other three global datasets. Existing studies analyzing the 
comparability of different NDVI datasets have provided varied results (Brown et al., 2006; 
Fensholt et al., 2009; Baldi et al., 2008), but in general all of them stress an agreement in the 
temporal dynamic of NDVI datasets even if they were obtained from different sensors 
(Ouaidrari et al., 2003; Brown et al., 2006; Stellmes et al., 2010; Song et al., 2010; Yin et al., 
2012). Nevertheless, although the average NDVI time series closely agree among the different 
datasets, the spatial analysis have showed that although correlations between the 





the majority of areas, there are spatial and seasonal differences in the magnitude of the 
correlations, but also in the spatial patterns of the magnitude of change of NDVI. Other studies 
have shown that there are also problems of spatial scale, as databases tend to lose spatial 
variability with increasing pixel size (Tarnavsky et al., 2008), and that the spatial differences in 
the agreement of the NDVI trends can be found in very different vegetation types from 
equatorial, arctic and arid areas (Fensholt and Proud, 2012). For example, Fensholt et al. (2009) 
analysed three NDVI datasets in the Sahel between 2002 and 2007, which were derived from 
different sensors and showed that the three data products did not exhibit identical patterns of 
NDVI trends. This pattern may also be identified with datasets obtained from the same satellite 
imagery, but also between different versions of the same dataset as observed by Jiang et al. 
(2013) with the GIMMS dataset. Baldi et al. (2008) used three global NDVI datasets obtained 
from NOAA-AVHRR images in South America and found large differences in the percentage 
of surface area affected by positive and negative trends as a function of the dataset. Alcaraz-
Segura et al. (2010) compared four different global NDVI datasets obtained from NOAA-
AVHRR sensors between 1982 and 1999 in Spain, and showed that even using datasets created 
from the same satellite imagery, different spatial patterns of NDVI can be obtained. Here it is 
showed that in general terms the spatial patterns of NDVI trends obtained with the 
Sp_1km_NDVI tend to agree more with the patterns obtained with the GIMMS3g and the 
MODIS NDVI datasets but large spatial differences are found in comparison with the SMN, 
which in general provides non-reliable trends in comparison to the other datasets. In any case, 
although the magnitude of the NDVI change shows some divergences among datasets, it is 
showed that the signification of the trends shows high spatial agreement with comparable 
patterns and a dominant positive and significant NDVI trends both in the GIMMS3g and 
Sp_1km_NDVI datasets for 1982-2014. Moreover, there are also some local features identified 
in the trends obtained from the different images that allow to assess with robustness the quality 
of the datasets since for example, there are well known land cover changes well recognized with 
NDVI data in summer months given the transformation of dry agricultural lands to irrigated 





a dramatic increase of the vegetation activity, and they are well recognized by intense positive 
trends in the Sp_1km_NDVI in summer months, but they are masked in the GIMMS3g dataset, 
probably as a consequence of the original spatial resolution of the dataset (Tarnavsky et al., 
2008). Therefore, the identification of these well-known abrupt trends in the Sp_1km_NDVI 
provides strong confidence to analyse long-term NDVI trends and relationship with other 
variables in comparison to other datasets.      
 
6.3. Long term NDVI trends in peninsular Spain and the Balearic Islands from 1982 to 2014 
This study has analyzed for the first time high spatial resolution vegetation activity for a recent 
period covering 34 years between 1981 and 2015. Although previous studies had analyzed high 
spatial resolution trends in vegetation activity over Spain, they had been based on short periods 
(< 15 years) (Hill et al., 2008; Stellmes et al., 2013; del Barrio et al., 2010), or were based on 
low spatial resolution (Vicente-Serrano and Heredia-Laclaustra, 2004; Julien et al., 2011). 
Although the vegetation trends can be affected by the study period and the starting date (Giner 
et al., 2012), the majority of the existing studies based on satellite imagery agree with a general 
increase of the vegetation activity across Spain considering shorter periods (Hill et al., 2008; del 
Barrio et al., 2010) or lower spatial resolutions (Alcaraz-Segura et al., 2010; Militino et al., 
2018). Here it is also identified a general positive and significant NDVI trend, which is 
dominant across the entire Spain. Thus, at the annual scale, close to 80% of the region has 
showed positive and significant NDVI trends, although there are some seasonal differences, 
with the highest percentage of surface recorded in winter (75%) and the lowest in summer 
(57%). There are very few areas recording negative trends at the annual scale (< 5%). Although 
in the majority of the regions with positive and significant changes the magnitude of the 
identified change has not been very important (< 0.05 NDVI units over the study period), the 
monotonic character of the trend explains the dominant positive and significant trends 
throughout Spain. Moreover, there is not an important control by the bioclimatic conditions 
(summarised by the climatology) and the existing land cover categories at the beginning of the 





Nevertheless, although the positive and significant NDVI trends are dominant over the entire 
Spain, the magnitude of changes in the NDVI shows important spatial but also seasonal 
differences across Spain. It is difficult to interpret the observed change over the whole Spain but 
there are some patterns that can be connected to well-known land cover changes and processes. 
At the annual scale there are large areas that show intense positive changes, which are mostly 
identified in spring, summer and autumn. They mostly correspond to localized areas that have 
been affected by strong transformation of the land cover, mostly from non-irrigated agricultural 
lands to irrigated lands (Stellmes et al., 2013). The most intense development of new irrigated 
lands was recorded in the decades of 1950s and 1960s (Lasanta, 2009; Lecina et al., 2010), but 
the processes also continued in the decades of 1980, 1990 and 2000, in which more than 
800.000 Ha of new irrigated lands were created in Spain, favoured by the dense network of 
reservoirs located in mountain areas. The irrigated lands were created in dry cultivated flat areas 
characterised by high climate aridity and very low vegetation coverage in summer months after 
the crop harvesting. This would explain the strong increase in the NDVI after transformation 
since in the new irrigated lands usually species of a high leaf area index are planted (e.g. corn), 
strongly increasing the photosyntethic and the NDVI in comparison to previous dry land 
cultivations.  
In addition to the new irrigated lands there are also other areas that have experienced an 
important increase of the vegetation coverage. For example, in spring there are large cereal 
areas in the North of the Iberian Peninsula that have showed an increase in the magnitude of the 
NDVI. This pattern is difficult to interpret since these areas have not been affected by changes 
in the land cover type, but processes related to the improvement of the cereal varieties in the last 
decades (Álvaro et al., 2008; Sanchez-Garcia et al., 2012), together to the bioclimatic conditions 
and the recent climate trends could explain that in areas of the Duero basin and in Navarra the 
NDVI of the cereal areas have noticeably increased in spring. These areas are characterised to 
be one the coldest cultivated areas of Spain, in which precipitation availability is not usually a 





Hidalgo et al., 2016; Vicente-Serrano et al., 2017) could have favoured a higher vegetation 
activity.  
Other large areas also show an NDVI increase although not so intense that in managed 
agricultural areas. This pattern is identified annually but also over the different seasons of the 
year, but it is affecting the majority of mountain areas of Spain. The process of land margination 
and rural depopulation of the mountain areas of Spain has been widely described in a number of 
studies (Terres et al., 2015; Kuemmerle et al., 2016). Mountain areas suffered an abandonment 
of the traditional primary activities (agriculture and livestock) as a consequence of the 
environmental constrains and the low economic viability of the exploitations (Lasanta et al., 
2017). The main consequence of these processes have been the development of natural 
revegetation process that have transformed the old cultivated field under terraces and cultivated 
slopes in areas covered by dense shrubs and/or forests (Lasanta-Martínez et al., 2005). Also at 
high elevations there is an altitudinal increment of the tree-line, mostly as a consequence of the 
decrease of the livestock pressure since the transhumant flocks that used the mountain pastures 
during summer months have practically disappeared (Batllori and Gutiérrez, 2008; Ameztegui 
et al., 2016). Therefore, the forest landscapes are currently dominant in the majority of the 
mountainous systems of Spain (Lasanta and Vicente-Serrano, 2007; Améztegui et al., 2010) 
mostly as a consequence of the described management changes. In these areas, forest 
densification but also changes in the vegetation types continues in the last decades (Vicente-
Serrano et al., 2006a). Thus, the land cover types that have showed the highest percentage of 
positive and significant NDVI trends are areas of forests and shrublands, which are mostly 
located in mountain areas. Mountain areas of Spain are water towers in which surface runoff is 
generated and in which there is a positive climate balance (Precipitation minus Reference 
Evapotranspiration). These climatic characteristics would favour that abandoned field have been 
naturally colonised in few decades. Thus, although human management changes have had main 
role to explain the positive NDVI trends (Vayreda et al., 2016), the observed temperature 





Serrano et al., 2004), since in these areas water availability is not the main vegetation constrain, 
but temperature.  
There are also other areas that have showed a strong vegetation decrease. This is identified in 
few areas but it is necessary to stress that among the land cover categories, the irrigated lands 
show a high percentage of negative trends (35%) in summer months, the season in which this 
land cover type is characterised to record the highest vegetation activity. For example, it is 
clearly identified a reduction of the NDVI in areas of the historical irrigated lands in the 
Guadalquivir and Ebro rivers. This pattern may respond to a recent phenomenon, which is 
characterised by a certain margination of the old irrigated lands, which are active since centuries 
ago. Given historical evolution, old irrigated lands are characterised to be formed by smaller 
fields than the new irrigated lands, in which mechanization is easier, which allows an economic 
viability of the exploitations in comparison to the traditional irrigated lands. In these lands the 
rural depopulation and the socioeconomic changes have also contributed to the abandonment of 
some fields (Lasanta, 2009), which would contribute to explain the observed NDVI increase in 
large old irrigated areas of Spain.  
There are also areas in the South Spain that have showed an important decrease of the NDVI in 
the last decades during spring. These areas are characterised by cereal and olive crops, in which 
the increased land aridity recorded in general in Spain (Vicente-Serrano et al., 2017) could 
explain this behaviour since in these areas water availability is the main constrain in comparison 
to temperature and radiation factors.  
There is another relevant process that explains a strong decrease of the NDVI in some areas, 
which is related to the urban expansion and the development of tourist infrastructures in areas 
close to the Mediterranean coastland. The neighbour areas around largest cities like Madrid and 
Barcelona have showed a decrease of the NDVI in the last three decades as a consequence of 
the urban growth (Marraccini et al., 2015; Gallardo and Martínez-Vega, 2016). The 
Mediterranean coastland in the region of Valencia is an excellent example of strong tourism 





fringe close to the coastland in which the NDVI decrease has been recorded in the different 
seasonal maps and annually. 
Finally, it is also identified a vegetation decrease in some natural vegetation areas of Spain, in 
some cases it can be due to recurrent forest fires in which the resilience capacity is clearly 
diminished (Díaz-Delgado et al., 2002), and the landscape homogenised (Van Leeuwen et al., 
2010), but the decrease is mostly in semiarid areas of the Ebro basin, the Southeast and also in 
central Spain, which were not affected by forest fires. It is suggested that in areas affected by 
high human pressure during the last centuries as a consequence of overgrazing and/or intensive 
land cultivation, land degradation processes can be recorded (del Barrio et al., 2010). The 
mentioned semiarid areas could be affected by this kind of processes, which would affect small 
sectors of the driest areas of Spain. In any case, different studies have suggested that land 
degradation would be a very localised problem in Spain (del Barrio et al., 2010; Gouveia et al., 
2016), only affecting very local areas characterised by strong past human pressure and very 
limited environmental constrains (Vicente-Serrano et al., 2012b).  
The identification of a general positive signal even in areas in which precipitation is low under a 
scenario in which temperature (Gonzalez-Hidalgo et al., 2016), and the atmospheric evaporative 
demand (Vicente-Serrano et al., 2014b) have strongly increased during the last decades seems 
to be contradictory, since environmental conditions have tended to be more limited for the 
vegetation growth. Although the magnitude of the NDVI increase is not important in the 
majority of the country, it is true that vegetation activity is not generally decreasing as it could 
be expected. In mountain humid areas this is mainly consequence of land management changes 
as discussed above. In the natural areas located in sub-humid and semi-arid regions there is also 
a decrease in the human pressure but also physiological factors related to a higher atmospheric 
CO2 fertilization could have a role. Different studies have suggested that under enriched CO2 
concentrations, plant stomatal conductance would be reduced and the water requirements would 
be lower (Ainsworth and Long, 2005). Thus, it is suggested that increased CO2 could be behind 





al., 2013), but also the reduced vulnerability of vegetation to water limitations and drought 
(Peñuelas et al., 2018).  
 
6.4. Tree-ring and NDVI relationships 
This is the first time that the relationship between the interannual variability of the tree-ring 
growth (TRWi) and the GPP has been established for a variety of forest types under different 
environmental conditions across Spain. The innovation of this work is mainly related to the high 
spatial resolution (1.1 km2) of all input data (NDVI, climatic data) used for this analysis. This 
detailed spatial information is extremely important to account for the local-scale environmental 
signals influencing the growth of these tree species and to reduce the noise associated to other 
vegetation types. The high-resolution spatial data used to conduct a study in peninsular Spain 
and the Balearic Islands is also reinforced by a high temporal (semi-monthly) resolution of the 
NDVI dataset, combined with a dense network of tree rings across different forest ecosystems. 
(see Gazol et al., 2018).  
The obtained results are also important to compare GPP and secondary growth in complex and 
heterogeneous landscapes, which is a typical feature of the Mediterranean region. Although 
numerous studies have already compared the NDVI with tree-ring growth over homogeneous 
forest types, particularly in high-latitude regions (e.g. Lopatin et al., 2006); Kaufmann et al., 
2008; Kaufmann et al., 2004), these studies employed coarse resolutions data (64 km2), mainly 
the GIMMS dataset. This dataset has frequently been employed to assess the relationships 
between vegetation activity and tree-ring growth in complex landscapes (e.g. Coulthard et al., 
2017; Vicente-Serrano et al., 2016). However, there remains a degree of uncertainty in results 
obtained based on the GIMMS dataset, particularly at the regional scale. This uncertainty 
originates mainly from the very low spatial resolution of this product, where different cover 
types can predominate within an individual pixel. This study accounted for this kind of 
uncertainty by considering a high-resolution NDVI dataset. 
Overall, the findings suggest a positive and significant relationship between the interannual 





(TRWi). Similar average correlations were found among all different forest types. Although this 
finding seems coherent with what has been evidenced using data of lower spatial resolutions 
(e.g. Berner et al., 2013; Kaufmann et al., 2008; Vicente-Serrano et al., 2016), the results based 
on high spatial resolution and long-term coverage of the NDVI data confer more reliability to 
these results. The magnitude of the maximum correlation between the TRWi and the semi-
monthly NDVI series is quite similar between the semi-arid P. halepensis lowland forests and 
the wet-cool A. alba mountain forests. Similar maximum correlations were also found for other 
tree species from xeric and mesic sites (Coulthard et al., 2017). This suggests that, irrespective 
of the forest type and the tree species, secondary growth is favored by a high GPP, leading to 
higher carbon sinks. There are few experimental studies that have tackled this issue by 
comparing the relationship between GPP and secondary growth in forest ecosystems, and in 
general they show agreement between both variables (Babst et al., 2014a; Poulter et al., 2013) 
both in cold and humid forests (Krause et al., 2012, Kraus et al., 2016) and in warm and xeric 
areas (Tognetti et al., 2007). 
This study demonstrates that the maximum correlations found between NDVI and tree-ring 
growth are recorded considering cumulative NDVI values, in some cases covering long time 
periods (6-10 months). This suggests that tree growth is strongly related with GPP at annual 
scales, since wood production would be the result of accumulating the surplus of synthesized 
carbohydrates during long periods (Cuny et al., 2015). Secondary growth and carbon storage 
would reflect long-lasting cumulative production (Gough et al., 2008), as carbon must first be 
used for primary growth in order to form shoots, buds, leaves and fine roots (Stoy et al., 2009). 
Moreover, temporal lags may be expected due to particular physiological processes. One 
example can be found during xylogenesis, where there is a delay from the expansion to the 
lignification of wood cells (Cuny et al., 2015). Over Spain, the observed patterns stress that the 
highest positive and significant correlations between NDVI and TRWi across the different 
analyzed forests are obtained for long time spans of NDVI accumulation.   
Albeit this general positive and significant correlation of TRWi with cumulative NDVI values, 





environmental conditions (Gazol et al., 2018). There are some dominant patterns of cumulative 
NDVI-TRWi correlations in the different forest types of Spain. These patterns are very coherent 
in the shape of this relationship, but also in the characteristics of the tree species involved. As 
regards the dominant pattern, it is characterized by the highest correlation recorded with a 10-
month cumulative NDVI period in November of the year in which the tree-ring is formed. This 
robust signal was mainly recorded in evergreen tree species located in the semiarid and sub-
humid regions of Spain. It represents conifers, such as P. halepensis, P. pinaster, P. nigra, P. 
pinea and J. thurifera, but also the evergreen oak Q. ilex, which is able to inhabit drought-prone 
areas. These species are characteristics of semi-arid to dry Mediterranean climates. Although 
they record low average precipitation and climate water balance values, these species show a 
very good acclimatization to these dry conditions. Even during the strong summer dryness that 
characterizes their area of distribution, these species are relatively drought tolerant (Zavala et 
al., 2000), while the GPP during these long periods would affect the annual tree-ring growth 
(Camarero et al., 2010). The significant contribution of summer season to explaining forest 
growth is also recorded in oak species from dry Mediterranean and sub-Mediterranean areas (Q. 
faginea and Q. pyrenaica), also represented by this pattern of response. Irrespective of summer 
dryness occurrence, these species form part of the annual tree-ring and carry out other growth 
processes (e.g. bud and acorn development) in summer (Montserrat-Martí et al., 2009).  
Other patterns of the NDVI-TRWi relationship represent fewer areas and specific tree species, 
but with well-defined seasonal patterns. The second pattern summarizing the NDVI-TRWi 
relationship is characterized by the highest correlation considering the NDVI between June of 
the previous year and January of the current year. This pattern is much less representative than 
the first one, with no clear representation of any forest type. The only exception corresponds to 
C. sativa forests, which are characterized by higher average NDVI values, lower temperatures 
and moister conditions than those drawn in the first pattern, representative of broadleaf 
hardwood species (Babst et al., 2014a; Kagawa et al., 2005; Richardson et al., 2013; 
Skomarkova et al., 2006). Different studies revealed that the vegetation activity and the NPP 





following growth season. For example, Babst et al. (2014a) and Babst et al. (2014b) suggest that 
carbon sequestered after June/July in temperate forests is mostly used for cell-wall thickening 
processes and/or stored in above- and below-ground nonstructural carbohydrate reserves, which 
would support next year spring tree-ring growth (Skomarkova et al., 2006). This process 
implies a lagged use of synthesized carbohydrates in wood formation, explaining why the 
primary production of deciduous trees would affect the secondary growth during the following 
growing season (Kagawa et al., 2005; Richardson et al., 2013). 
The third pattern of the NDVI-TRWi relationship show forests related to the cumulative NDVI 
during the winter and spring season of the current year. This kind of response is mostly 
represented by the A. alba forests located in the Pyrenees, where lower temperatures and higher 
precipitation values are recorded. The fourth pattern is also mostly characterized by the 
Pyrenean forests of A. alba and F. sylvatica, albeit with a positive influence of the summer 
NDVI on TRWi and an influence of the NDVI recorded during the first part of the previous 
year. These patterns of response are questionable, given that most active vegetative period of 
these tree species dominating in cold sites is recorded in late spring and summer (Macias et al., 
2006). Nevertheless, several studies have also suggested that the conditions during the prior 
summer, autumn and winter periods can be relevant to explaining tree-ring growth of these 
species in Spain (e.g. Hayles et al., 2007; Rozas et al., 2015; Sánchez-Salguero et al., 2013). 
Kraus et al. (2016) analyzed leaf and xylem phenology at different elevation ranges in Norway 
spruce forests of the Alps, demonstrating that the length of the xylem cell growth period does 
not show significant differences, as a function of either elevation or colder conditions, which 
seem to lead a longer period of cell maturation in spruce. Furthermore, the Pyrenean silver fir 
forest growth is sensitive to cold conditions in late winter (February) as well as to dry-warm 
conditions in the previous early autumn (September). As such, both prior cold and dry 
conditions can negatively affect subsequent tree-ring formation, NDVI and the NPP in this 
species (Vicente-Serrano et al., 2015b).  
It seems that phenology of the different tree species contributes significantly to the different 





Čufar et al., 2008). The main patterns of response found in this study are characteristics of 
species/regions, with very different tree life cycles driven by temperature. In general, in the 
forests located in cold areas the tree-ring growth responds to the cumulative NDVI over shorter 
periods than in the coniferous forests located in more temperate and arid areas. This feature has 
been identified by Vicente-Serrano et al. (2016) at the global scale, especially in the Alps and 
the high latitudes of North America, in which low air temperature, and short photoperiod 
constrain the periods of vegetation activity and subsequently limit the duration of tree-ring 
formation to the boreal summer (Vaganov et al., 1999; Kaufmann et al., 2004; Bergeron et al., 
2007). Nevertheless, it is also stressed that although there is a clear positive signal between 
NDVI and TRWi, the magnitude of the correlations usually does not exceed 0.5 in the majority 
of cases. This finding indicates that GPP and tree-ring growth can be decoupled in a number of 
years. Also, it suggests that the drivers of vegetation activity can differ as well as the response 
of the primary production and secondary growth types to some stress factors. There are very 
few studies that have analyzed the different response of the GPP and secondary growth to 
climate variability with respect to climate stressors, and even their results are quite 
contradictory. Recently, Gazol et al. (2018) analyzed the response of the NDVI and the tree-ring 
growth to the four outstanding droughts, which affected Spain since the 1980s. They found that 
tree-ring growth is more determined by drought severity than NDVI. Newberry (2010) analyzed 
the effects of climate on carbon isotope discrimination (δ13C) in leaves and wood of Pinus 
edulis forests in North America, concluding that that δ13C-climate relationship was stronger for 
leaf than for tree-ring cellulose, especially at the xeric sites. Del Castillo et al. (2015) and Pasho 
and Alla (2015) showed contradictory for the Aleppo pine forests in northeastern Spain and 
Albania, respectively. Overall, these results stress that the magnitude of the correlations 
between the NDVI and the tree-ring growth is quite similar across different forest types. 
Nonetheless, very high spatial and temporal diversity in the responses of forest secondary 
growth to NDVI time scales in the peninsular Spain and the Balearic Islands has been found, 
with clear distinction between tree species and environmental conditions. As such, the obtained 





forest growth, but also to assess the possible sensitivity of the GPP and secondary growth to 
climate change processes. 
 
6.5. Magnitude of drought influence on NDVI 
This study has also analysed the response of the vegetation activity to drought variability. The 
results have showed that in large areas of Spain the vegetation activity is strongly determined by 
the interannual variations of drought. During the summer dry season, more than 90% of land 
areas show significant positive correlations between the NDVI and the SPEI. This generalised 
response of the NDVI to drought is also characteristic of other sub-humid and semiarid climate 
areas like Northeast Brazil (Barbosa et al., 2006), the Sahel (Herrmann et al., 2005), Central 
Asia (Gessner et al., 2013), Australia (De Keersmaecker et al., 2017) or California (Okin et al., 
2018),  among others. Nevertheless, in Spain noticeable spatial and seasonal differences in the 
response of the NDVI to the interannual drought variations have been found, and the time scale 
at which the drought is measured has a relevant role to explain the spatial and the seasonal 
differences. 
There is an important seasonal component of the drought influence on the NDVI since the 
strongest signal is recorded during the warm season. In summer the majority of the areas show a 
positive and significant correlation between the NDVI and the SPEI. This seasonal pattern 
would be driven by two factors. The first one is the phenology that characterizes the majority of 
land cover types in Spain. During the cold season there are areas that do not show any 
vegetation activity (e.g., the pastures and the non-permanent broad leaf forests), but also the 
coniferous forests, shrubs and cereal crops show a very low activity. This would explain that 
independently of the recorded drought conditions the sensitivity to drought would be low in 
winter. In Spain, the atmospheric evaporative demand is very low in winter as a consequence of 
low temperature (Vicente-Serrano et al., 2014c); so in this period the water demand by the 
vegetation respiration is small, explaining the low sensitivity to the soil water availability. Thus, 
studies have showed that the soil water recharge is mostly recorded in winter months given low 





the vegetation is more sensitive to drought since the photosynthetic activity, from which the 
NDVI ultimately depends (Myneni et al., 1995), is highly determined by soil water availability. 
The positive spatial relationship found between the sensitivity of the NDVI to the SPEI and 
mean temperature reinforces this issue since in spring even colder areas tend to show low 
correlations between the NDVI and the SPEI. Warmer temperatures in summer cause the 
dominant peak of vegetation activity (with some exceptions like the cereal cultivations, dry 
pastures and shrubs, which record the maximum vegetation activity in spring). This would 
explain why in summer the sensitivity of the NDVI to drought tends to be maximum in the 
majority of Spain, but it would also be favoured by the characteristic dryness of the 
Mediterranean climate in summer.  
In any case, substantial seasonal differences have been found in the response of the NDVI to 
drought, and in the magnitude of the correlation between the NDVI and the SPEI, as a function 
of the land cover. This is the general behaviour identified at the global scale (Vicente-Serrano et 
al., 2013), but also at regional and local scales using NDVI data (Ivits et al., 2014; Zhao et al., 
2015; Gouveia et al., 2017; Yang et al., 2018). Non-irrigated arable lands, natural grasslands 
and sclerophyllous vegetation show an earlier response to drought, in late spring and early 
summer. This is determined by the phenology of these land covers, which usually reach the 
maximum vegetation activity in late spring with the purpose of avoiding avoid the summer 
dryness. The root systems of herbaceous species are not very deep, so they depend on the water 
storage in the most superficial soil layers (Milich and Weiss, 1997), and they could not survive 
during the long and extreme summer dryness in which the surface soil layers are mostly 
depleted (Martínez-Fernández and Ceballos, 2003). This would explain an earlier and stronger 
sensitivity to drought also showed in other world semiarid regions (Liu et al., 2017; Yang et al., 
2018; Bailing et al., 2018). On the contrary, maximum correlations between the NDVI and the 
SPEI are recorded during summer months in the forests but also in wood cultivations like 
vineyards and olive groves. In this case, the maximum sensitivity to drought coincides with the 
maximum temperature and atmospheric evaporative demand (Vicente-Serrano et al., 2014c). 





the herbaceous vegetation since whilst herbaceous cover would adapt to the summer dryness 
generating the seed bank before the summer (Peco et al., 1998; Russi et al., 1992), the trees and 
shrubs would base the adaptation on deeper root systems, translating the drought sensitivity to 
the period of highest water demand and water limitation. 
In addition to the seasonal differences among land cover types, it is showed in Spain that 
herbaceous crops show a higher correlation between the NDVI and the SPEI than most of 
natural vegetation types (with the exception of the sclerophyllous vegetation). This behaviour 
could be explained by three different factors: i) the highest adaptation of natural vegetation to 
the characteristic climate of the region in which drought is a frequent phenomenon (Vicente-
Serrano, 2006), ii) the deeper root systems that allow shrubs and trees to obtain water from the 
deep soil and iii) the common location of cultivated lands in drier areas than natural vegetation. 
Different studies have showed that the vegetation of dry environments tend to respond in more 
depth to drought than sub-humid and humid vegetation (Schultz and Halpert, 1995; Abrams et 
al., 1990; Nicholson et al., 1990; Herrmann et al., 2016). Vicente-Serrano et al. (2013) analysed 
the sensitivity of the NDVI in the different world biomes and showed a clear spatial gradient in 
the sensitivity to drought, which was more important in arid and semiarid regions. In this study 
we have showed a clear control in the response of the NDVI to drought severity by the climate 
aridity across Spain. Thus, there are significant correlations between the spatial distribution of 
the climate aridity and the sensitivity of the NDVI to drought, mostly in spring and autumn. 
This could be explained because humid environments show a water surplus as surface runoff, so 
not all the water available would be used by vegetation and this characteristic would make the 
vegetation less sensitive to climate drought. Drought indices are relative metrics in comparison 
to the long term climate with the purpose of making comparable drought severity between areas 
of very different climate characteristics (Mukherjee et al., 2018). This means that in humid 
areas the corresponding absolute precipitation can be sufficient to cover the vegetation water 
needs although drought indices inform on below-of-the-average conditions. On the contrary, in 
arid regions a low value of a drought index is always representative of limited water 





This thesis also explored if the general pattern found between humid and semi-arid regions is 
also affected by the land cover type and found that the behaviour in the non-irrigated arable 
lands is the main type to explain the global pattern. Herbaceous cultivations show that aridity 
has clear control of the response of the NDVI to drought during the period of vegetation 
activity. Nevertheless, after the common harvest period (June) this control by aridity mostly 
disappears. This is also observed in the grasslands and in the sclerophyllous vegetation, and it 
could be explained by the low vegetation activity of the herbaceous and shrub species during the 
summer, given the phenological strategies to cope with water stress with the formation of the 
seeds before the period of dryness (Chaves et al., 2003). The limiting aridity conditions that 
characterises the regions in which these vegetation types inhabit would also contribute to 
explain this phenomenon. On the contrary, the forests, both broad-leaved and permanent also 
show a control by aridity in the relationship between the NDVI and the SPEI during summer 
months since these land cover types show the peak of the vegetation activity during this season.  
In any case, it is also remarkable that the spatial pattern of the NDVI sensitivity to drought in 
forests is less controlled by aridity during the summer season, curiously the season in which 
there are more limiting conditions. This could be explained by i) the possible NDVI saturation 
under high levels of leaf area index (Carlson and Ripley, 1997) since once the tree tops are 
completely foliated, the electromagnetic signal is not sensitive to additional leaf growth. This 
could explain the less sensitive response of the forests to drought in comparison to land cover 
types characterised by lower leaf area (e.g. shrubs or grasslands). Nevertheless, it does not seem 
that this issue may explain the decreased relationship with aridity in summer since the dominant 
coniferous and broad-leaved forests in Spain are usually not characterised by a 100% of leaf 
coverage (Castro-Díez et al., 1997; Molina and del Campo, 2012) so it is not expected to find 
large signal saturation problems, ii) the physiological strategies of forests to cope with drought 
since experimental studies have suggested that interannual variability of the secondary growth 
could be more sensitive to drought than the sensitivity observed by the photosytetic activity and 
the leaf area (Newberry, 2010). This could be a forest strategy to optimise the storage of 





adequate foliar area in relation to the wood formation in order to maintain respiration and 
photosynthetic processes. The recent results by Gazol et al. (2018) and Peña-Gallardo et al. 
(2018b) seem to confirm this issue since they showed a higher sensitivity to drought in tree-ring 
growth than that found for the NDVI, being this behaviour independent of the forest species, iii) 
other more complex issues related to dominant forest species and species richness as observed 
in forests of Northeast Spain (Lloret et al., 2007), and iv) ecosystem physiological processes 
since it is suggested that independently of the vegetation types and environmental conditions, 
the vegetation would tend to the same water use efficiency in periods of water stress (Huxman 
et al., 2004), which would explain that independently of aridity conditions the response of the 
NDVI to drought would be similar. Here it has been shown that in different land cover types 
located under different environmental conditions the sensitivity of the NDVI to the SPEI seems 
to converge to similar values (correlations) during summer months.        
 
6.6. Drought influence on different time scales 
A relevant finding of this study has also been that the response of the NDVI is highly dependent 
of the time scale at which drought is measured. Pioneer studies demonstrated that the 
accumulation of the precipitation deficits during different time periods is essential to determine 
the influence of drought on the NDVI (Malo and Nicholson, 1990; Liu and Kogan, 1996; Lotsch 
et al., 2003; Ji and Peters, 2003; Wang et al., 2003) since soil moisture is more dependent of the 
precipitation and the atmospheric evaporative demand over previous cumulative periods (Scaini 
et al., 2015). Moreover, the different morphological, physiological and phenological strategies 
would explain that different vegetation types respond to varied drought time scales. This pattern 
has been identified using NDVI and different time scales of a drought index (e.g., Ji and Peters, 
2003; Vicente-Serrano, 2007), but it is also identified by other variables like the tree-ring 
growth (Pasho et al., 2011; Arzac et al., 2016; Vicente-Serrano et al., 2014a). In this study it is 
also showed a high spatial diversity in the SPEI time scale at which vegetation is showing the 
maximum correlation with the NDVI, but also seasonal differences and a noticeable control by 





In a global study, Vicente-Serrano et al. (2013) illustrated gradients related to the sensitivity of 
the world biomes to drought, which are driven by the time scale at which the biome is 
responding to drought in a gradient of aridity. The response to these different time scales 
suggested different strategies to cope with drought but also different vulnerabilities to the water 
deficits. In Spain, this study has showed that the NDVI is mostly responding to the SPEI at time 
scales around 20 semi-monthly periods (10 months), with some few seasonal differences 
(shorter in spring and early autumn than in late summer and autumn), although there are 
noticeable differences among land cover types. In general, during the periods of highest 
vegetation activity, the herbaceous land covers (non-irrigated arable lands and grasslands) 
respond to shorter SPEI time-scales than the different forest types, also during the periods of 
highest vegetation activity in summer. This can be connected with the different root depths 
discussed above, which would make the herbaceous covers more dependent on the weather 
conditions recorded during short periods. These vegetation types could not reach deep soil 
levels, which would depend on climate conditions recorded during longer periods (Changnon 
and Easterling, 1989; Berg et al., 2017). On the contrary, the tree root systems would access to 
these deeper levels, having the capacity of softening the effect of short-term droughts, but they 
would be more vulnerable to long droughts that ultimately would affect deep soil moisture 
levels. This pattern has been recently observed in south East Spain comparing herbaceous crops 
and vineyards (Contreras and Hunink, 2015) but also by Okin et al. (2018) in California, who 
showed that the different response to drought time scales between scrubs and chaparral 
herbaceous vegetation would be explained by the soil water depletion at different levels.   
Although the general patterns are described above, we have also found some relevant seasonal 
patterns. For example, irrigated lands respond to long SPEI time scales (> 15 months) during 
summer months, whilst in spring and autumn they are responding to time scales below 7 months 
(14 semi-monthly periods). This behaviour is clearly connected to the water management of 
these areas. In spring they do not receive irrigation and vegetation activity is determined by the 
water stored in the soil. On the contrary, summer irrigation depends on the water stored in the 





availability in the reservoirs usually depend on the climate conditions recorded during long 
periods (one or two years) (López-Moreno et al., 2004; Lorenzo-Lacruz et al., 2010), which 
determine water availability for irrigation and it would explain why the NDVI in irrigated lands 
depends to long SPEI time scales. Vineyards and olive groves also respond to long SPEI time-
scales during the summer months. These cultivations are highly resistant to drought stress 
(Quiroga and Iglesias, 2009), but under extreme summer dryness even these adapted 
cultivations would be sensitive to severe droughts. Finally, in comparison to other natural 
vegetation, mixed forests show response to shorter SPEI time scales. This could be explained by 
the low resistance of these forest species to water deficits, such as, for example, the different fir 
species located in humid mountain areas, (Camarero et al., 2011; Camarero et al., 2018). 
This study has also showed that the climate aridity has also a certain role to explain the response 
of the NDVI to the SPEI time scales. In Spain the range of the mean aridity recorded by the 
mean land cover types is much lower than that observed at the global scale for the world biomes 
(Vicente-Serrano et al., 2013). Therefore, there are not clear patterns in the response of the land 
cover types to the aridity gradients and the SPEI time scales at which the maximum correlation 
between the NDVI and the SPEI is found. Nevertheless, it is also found clear seasonal 
differences between the cold and warm season and, more importantly, that during summer 
dryness the land cover types located in the most arid regions (vineyards and olive groves), the 
NDVI shows response to long SPEI time scales in opposition to the most humid forests, which 
tend to respond to shorter time scales. This stresses that not only mean aridity but also the 
degree of vulnerability to different duration water deficits (well quantified by the drought time 
scales) may have an important role to explain the spatial distribution of the main land cover 







Satellite images are widely used in environmental sciences to respond to the challenges by 
spatial and temporal land changes due to both climate change and human activities. This thesis 
has provided information to understand recent changes in vegetation activity of peninsular 
Spain and the Balearic Islands in the last three decades, how these changes are related with tree-
ring growth and also how a natural hazard, such as drought, influences this vegetation activity. 
 
Regarding the creation of the Sp_1km_NDVI database:  
1. The availability of daily NOAA-AVHRR satellite images has allowed to work with 
long time series. In spite of having had to discard those daily images that presented 
problems during their capture or that were totally covered by the clouds, by means of an 
exhaustive revision, the quantity of available data and the temporal scale of analysis 
offer very suitable information to carry out studies that analyze the vegetal activity in 
Peninsular Spain and the Balearic Islands. 
2. Atmospheric correction is not considered an essential aspect in this case, due to the 
characteristics of the AVHRR sensor and the option of creating semi-monthly 
composite images to minimize the effect of atmospheric noise has been shown to be 
effective.  
3. Regarding the inhomogeneity between the AVHRR/2 and AVHRR/3 sensors, the 
statistical correction used is considered enough to guarantee the temporal homogeneity 
of the dataset created.  
4. Since NOAA-AVHRR images are used to obtain NDVI products, any dataset has been 
developed specifically for peninsular Spain and the Balearic Islands at 1.1 km 
resolution and covering the period 1981 - 2015. This fact makes these data an original, 
novel and useful product for the analysis of the vegetation activity.  
 





5. The temporal dynamic of the developed dataset and the other three compared products 
is similar. Spatial analysis shows differences between the datasets related to the 
magnitude of change, but the patterns are comparable in the case of trend significance, 
except for the SMN.  
6. In general, there is an increase of the NDVI values over the period analysed. 
7. The database obtained makes it possible to quantify changes in vegetation cover, which 
are related to transformations in agricultural lands more clearly than considering the 
datasets characterized by lower spatial resolution (GIMMS3g and SMN). The dataset 
also shows the changes recorded for the long term better than the MODIS short-term 
information.  
Conclusions obtained related to the long-term NDVI trends: 
8. NDVI trends show a dominant increase in peninsular Spain and the Balearic Islands 
over the three decades analysed.  
9. The magnitude of the NDVI changes shows spatial and temporal differences. The most 
important changes characterized by a strong greatest increase of the NDVI correspond 
to agricultural areas. They are mostly driven by human activities: transformations from 
dry to irrigated areas; but they may also be favored by climatic factors (e.g. the increase 
in temperature observed in recent decades).  
10. The increase in the NDVI in mountainous areas is mostly due to the abandonment of 
land and rural margination that have led to the revegetation of slopes and increase the 
density of forests. Forests have shown the greatest increase in vegetation activity in 
recent decades. Factors such as temperature increase in areas characterized by a positive 
climate balance have favored this trend. 
11. The decrease in vegetation activity is mostly restricted to small, highly localized areas. 
This process is mostly due to anthropogenic factors such as the abandonment of small 
old irrigated lands, the increased aridity in some cereal and olive crops, the urban 
expansion around large cities, especially on the coast, and possibly soil degradation in 





12. An increase in vegetation activity has been observed over the last few decades in some 
areas where temperatures and atmospheric evaporative demand have also increased, 
which is surprising because both variables tend to limit vegetation activity. A future 
research line could be to investigate if the concentrations of CO2 in the atmosphere have 
influenced this increase. 
 
Regarding the relationship between NDVI and tree ring growth: 
13. The greatest positive and significant correlations between the interannual variability of 
the NDVI and the secondary growth, measured by the growth rates of the tree rings 
(TRWi) are found in long NDVI cumulative periods (6 - 10 months).  
14. Regardless of forest type, a high GSP favors secondary growth in forests. 
15. The magnitude of correlations between NDVI and tree ring growth is quite similar 
between different forest types. 
16. The responses of secondary forest growth to the NDVI time scales are diverse spatially 
and temporally. 
17. There are dominant patterns in the NDVI and TRWi relationship in perennial tree 
species from semi-arid and sub-humid regions, and also in oak species from 
Mediterranean drylands, taking into account a cumulative NDVI of 10 months. There is 
also another relationship pattern with an accumulated NDVI at 8 months, characteristic 
of broadleaf species. The third pattern is represented by A. alba forests in the Pyrenees. 
And the fourth pattern also represents the Pyrenean forests of A. alba and F. sylvatica. 
 
The conclusions in relation to the influence of droughts on the NDVI are: 
18. The interannual variability of the NDVI in the peninsular Spain and the Balearic Islands 
has been strongly determined by the interannual variations of drought in the last three 





19. The seasonal component influences the NDVI. The relationship between vegetation 
activity and drought is most marked in summer, when the temperature is highest, and 
mostly in forests, which are more active in summer months. 
20. Seasonal differences have been found in the response of the NDVI to drought and in the 
magnitude of the correlation depending on the land cover. 
21. It is observed that arable crops have a higher correlation between NDVI and SPEI than 
most natural vegetation types.  
22. There are significant correlations between the spatial distribution of aridity and the 
sensitivity of the NDVI to drought, especially in spring and autumn.  
23. The sensitivity of the NDVI to drought is not as controlled by aridity, in the case of 
forests, in summer.  
24. In different types of land cover, under different environmental conditions, the 
sensitivity of the NDVI to SPEI shows similar correlations during the summer months. 
25. NDVI's response to drought depends on the time scale at which the drought is 
measured. This is probably due to different morphological, physiological and 
phenological strategies of different vegetation types that respond differently to water 
stress conditions. 
26. In peninsular Spain and the Balearic Islands, the NDVI responds in average to the SPEI 
on 10-month time scales, although there are spatial differences depending on the type of 
soil, as herbaceous coverages respond to shorter time scales than forests. 
27. Climatic conditions recorded over longer periods also influence the vegetation's 
response to drought. 
28. Water management and aridity in certain areas also influence the NDVI and SPEI 
relationship.  












Las imágenes de satélite son una herramienta muy utilizada en las ciencias ambientales para dar 
respuesta a los retos que nos plantean los cambios espaciales y temporales debidos tanto al 
cambio climático como a las transformaciones que resultan de las actividades humanas. Esta 
tesis ha aportado información para comprender qué cambios se han dado en la actividad vegetal 
de la España peninsular y las Islas Baleares en las últimas tres décadas, cómo esos cambios 
pueden estar relacionados con el crecimiento de los árboles y también, cómo influye en la 
actividad vegetal un riesgo climático como la sequía, tan presente en esta región mediterránea. 
Respecto a la creación de la base de datos Sp_1km_NDVI:  
1. Disponer de imágenes satelitales diarias NOAA-AVHRR ha permitido tener 
información suficiente para poder trabajar con series temporales largas. A pesar de 
haber tenido que descartar aquellas imágenes diarias que presentaban algún problema 
durante su captura o que estaban totalmente cubiertas por las nubes, mediante una 
revisión exhaustiva, la cantidad de datos disponibles y la escala temporal de análisis 
ofrece información muy adecuada para realizar estudios que analicen la actividad 
vegetal en la España Peninsular y las Islas Baleares. 
2. La corrección atmosférica no se considera un aspecto imprescindible en el desarrollo de 
la presente base de datos, debido a las características del sensor AVHRR y, además, al 
procedimiento de creación de imágenes compuestas semi-mensuales para minimizar el 
efecto del ruido atmosférico ha mostrado ser eficaz.  
3. Respecto a la inhomogeneidad entre los sensores AVHRR/2 y AVHRR/3, la corrección 
estadística utilizada se considera suficiente para poder trabajar con la base de datos 
creada.  
4. Desde que se utilizan las imágenes NOAA-AVHRR para obtener productos NDVI, no 
se ha presentado hasta ahora una base de datos desarrollada específicamente para la 





1981 – 2015. Lo que hace de estos datos un producto original, novedoso y útil para el 
análisis de la actividad vegetal.  
En cuanto a la comparación entre las bases de datos NDVI: 
5. La dinámica temporal de la base de datos desarrollada y de las otras tres bases de datos 
comparadas es similar. El análisis espacial muestra más diferencias entre las bases de 
datos respecto a la magnitud de cambio, pero los patrones son comparables en el caso 
de la significación de las tendencias, resultando la base de datos SMN la más dispar.  
6. Los patrones espaciales se asemejan y la variabilidad temporal, con un incremento 
general de los valores NDVI a lo largo del periodo analizado. 
7. La base de datos obtenida permite localizar fácilmente cambios conocidos en la cubierta 
vegetal, que son debidos a la transformación de las tierras agrícolas, de forma más clara 
que las bases de datos de menor resolución espacial (GIMMS3g y SMN) y muestra los 
cambios que responden a un periodo más largo que la base de datos que tiene mayor 
detalle, pero que cubre un periodo temporal más corto (MODIS).  
Conclusiones obtenidas sobre las tendencias en el NDVI: 
8. La tendencia en los valores NDVI obtenidos a partir de la base de datos creada, muestra 
un aumento general del NDVI en la España peninsular y las Islas Baleares en las tres 
décadas analizadas.  
 
9. La magnitud de los cambios en el NDVI ha sido diferente tanto a nivel espacial como 
temporal. Los cambios que responden al mayor aumento del NDVI se localizan en las 
áreas agrícolas y se deben a las actividades humanas, fundamentalmente resultado de la 
transformación de zonas de cultivo de secano en zonas de regadío; pero también están 
relacionados con factores climáticos como el incremento de la temperatura observado 
en las últimas décadas.  
10. El aumento en el NDVI en las zonas montañosas se debe al abandono de las tierras y a 





densidad de los bosques. Este tipo de cubierta vegetal ha mostrado el mayor aumento de 
NDVI en las últimas décadas.  
11. La disminución de la actividad vegetal se localiza en áreas pequeñas, muy localizadas y 
se puede deber a factores antrópicos como el abandono de antiguos regadíos de tamaño 
reducido, al aumento de la aridez en algunos cultivos de cereales y olivos, a la 
expansión urbana alrededor de las grandes ciudades, sobre todo en el litoral, y a la 
degradación de los suelos por sobrepastoreo o intensificación de las prácticas agrarias.  
12. Se ha observado un aumento de la actividad vegetal durante las últimas décadas en 
algunas zonas donde las temperaturas y la demanda evaporativa atmosférica también ha 
aumentado, cosa que sorprende porque ambas variables suelen ser limitantes de la 
actividad vegetal. Investigar si las concentraciones de CO2 en la atmósfera han influido 
en ese aumento sería una línea de investigación futura a tener en cuenta. 
Respecto a la relación entre los valores NDVI y el crecimiento radial de los árboles: 
13. Las mayores correlaciones positivas y significativas entre la variabilidad interanual del 
NDVI y el crecimiento secundario, medido gracias a los índices de crecimiento de los 
anillos de los árboles (TRWi), y en los diferentes bosques analizados, se encuentran en 
largos períodos de acumulación del NDVI (6 – 10 meses).  
14. Independientemente del tipo de bosque, una alta PPB favorece al crecimiento 
secundario en los bosques. 
15. La magnitud de las correlaciones entre el NDVI y el crecimiento de los anillos de los 
árboles es bastante similar entre diferentes tipos de bosque. 
16. Las respuestas del crecimiento secundario forestal a las escalas temporales del NDVI 
son diversas espacial y temporalmente. 
17. Existen patrones dominantes en cuanto a la relación NDVI y TRWi en especies 
arbóreas perennifolias de las regiones semiáridas y subhúmedas, y también en las 
especies de roble de las zonas secas mediterráneas, teniendo en cuenta un NDVI 





a 8 meses, en especies frondosas de hoja ancha. El tercer patrón está representado por 
los bosques de A. alba en los Pirineos. Y el cuarto patrón también representa a los 
bosques pirenaicos de A. alba y F. sylvatica. 
Por último, las conclusiones respecto a la actividad vegetal y las sequías: 
18. La actividad de la vegetación en la España peninsular y las Islas Baleares ha estado 
fuertemente determinada por las variaciones interanuales de la sequía en las últimas tres 
décadas según la relación analizada entre el NDVI y el SPEI. 
19. La componente estacional influye en el NDVI. La relación entre la actividad vegetal y 
la sequía es más marcada en verano, cuando la temperatura es más alta, y 
fundamentalmente en los bosques, que presentan una máxima actividad durante esta 
estación. 
20. Se han encontrado diferencias estacionales en la respuesta del NDVI a la sequía y en la 
magnitud de la correlación, en función del tipo de cubierta. 
21. Se observa que los cultivos herbáceos presentan una mayor correlación entre el NDVI y 
el SPEI que la mayoría de los tipos de vegetación natural. Esto es debido a una mayor 
adaptación por parte de la vegetación natural, a que tienen sistemas radiculares más 
profundos y a que los cultivos se localizan en zonas más secas que la vegetación 
natural. 
22. Existen correlaciones significativas entre la distribución espacial de la aridez y la 
sensibilidad del NDVI a la sequía, sobre todo en primavera y otoño.  
23. La sensibilidad del NDVI a la sequía no está tan controlada por la aridez, en el caso de 
los bosques, en verano.  
24. En diferentes tipos de coberturas de suelo, bajo distintas condiciones ambientales, la 
sensibilidad del NDVI al SPEI muestra correlaciones similares durante los meses de 
verano. 
25. La respuesta del NDVI a la sequía depende de la escala temporal en la que se mide esa 





fisiológicas y fenológicas de los diferentes tipos de vegetación que responden de 
manera distinta. 
26. En la España peninsular y las Islas Baleares, el NDVI responde al SPEI en escalas 
temporales de 10 meses de forma media, aunque hay diferencias dependiendo el tipo de 
suelo, ya que las coberturas herbáceas responden a escalas temporales más cortas que 
los bosques. 
27. Las condiciones climáticas registradas durante periodos más largos también influyen en 
la respuesta a la sequía por parte de la vegetación. 
28. Los bosques mixtos responden a escalas temporales más cortas del SPEI que la 
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Supplementary Figure 1. Box plots showing the annual and seasonal Pearson’s correlation between the 
Sp_1km_NDVI and the other NDVI datasets. Dashed red line indicate the significant values (p < 0.5).  
 
 
Supplementary Figure 2. Spatial relationship between the seasonal and annual NDVI magnitude of 
change between the Sp_1km_NDVI and the rest of datasets. Given the high number of points the 
signification of correlation was obtained by means of 1000 random samples of 30 cases from which 
correlations and p-values were obtained. The final signification was assessed by means of the average of 
































Neg. (<0.05) 0.12 0.17 0.29 0.25 0.07 0.00 0.16 3.39 0.25 0.74 0.48 0.04 
Neg. (no sign.) 0.27 0.63 1.25 1.55 0.02 0.09 0.47 8.71 1.27 11.54 9.88 0.84 
Pos. (no sign.) 0.64 1.67 4.09 8.26 0.02 0.27 1.31 27.20 0.99 14.28 40.47 5.56 


























Neg. (<0.05) 0.07 0.10 0.17 0.08 0.08 0.13 0.16 0.09 0.49 5.39 3.96 0.32 
Neg. (no sign.) 0.21 0.64 1.10 1.40 0.17 0.57 1.37 1.89 1.66 28.79 29.21 2.31 
Pos. (no sign.) 0.29 2.04 6.71 10.92 0.54 1.34 5.83 14.93 0.28 6.25 17.31 2.61 


























Neg. (<0.05) 1.01 0.99 0.71 0.39 1.81 0.70 0.29 0.28 0.01 0.17 0.18 0.02 
Neg. (no sign.) 1.02 2.35 2.87 2.26 3.48 2.36 1.36 1.38 0.35 4.79 5.19 0.72 
Pos. (no sign.) 0.86 3.16 10.07 11.08 5.37 6.90 5.44 7.43 1.26 16.75 17.97 2.49 


























Neg. (<0.05) 0.40 0.80 0.65 0.18 1.03 0.49 0.24 0.17 0.11 0.19 0.07 0.00 
Neg. (no sign.) 0.81 4.32 3.98 2.05 6.12 2.26 1.20 1.18 0.72 5.96 3.00 0.12 
Pos. (no sign.) 0.97 6.58 11.84 9.16 10.13 7.23 5.35 6.14 1.30 21.68 40.44 2.24 


























Neg. (<0.05) 0.34 0.43 0.33 0.29 0.25 0.34 0.37 0.59 0.36 2.03 1.43 0.14 
Neg. (no sign.) 0.61 1.38 1.87 2.31 0.33 0.71 1.44 2.87 1.14 14.22 17.92 1.98 
os. (no sign.) 0.93 2.31 5.66 7.50 0.49 1.52 3.85 11.66 0.40 7.56 35.19 8.33 
0.05) 0.94 4.94 20.97 49.14 1.81 5.10 13.53 55.11 0.03 0.67 4.82 3.62 
Supplementary Table 1. Contingency tables showing the relationship between the sign and signification of the NDVI trends between the Sp_1km_NDVI and the other three 






 Annual Winter Spring Summer Autumn 
GIMMS 0.32 0.28 0.47 0.44 0.34 
SMN 0.46 0.27 0.52 0.41 0.19 
MODIS 0.43 0.31 0.37 0.37 0.45 
 










Supplementary Figure 4. Scatterplots showing the relationship between the NDVI magnitude of change 







Supplementary Figure 5. Box plots showing the values for precipitation, temperature and aridity 
corresponding to the recorded seasonal and annual NDVI trends. 
 
 
Supplementary Figure 6: Scatterplots showing the relationship between the NDVI magnitude of change 








Supplementary Figure 7: Scatterplots showing the relationship between the NDVI magnitude of change 
and the average climate conditions (precipitation, temperature and aridity) at seasonal and annual scales. 
Arable dry lands 
 
 
Supplementary Figure 8: Scatterplots showing the relationship between the NDVI magnitude of change 








Supplementary Figure 9: Scatterplots showing the relationship between the NDVI magnitude of change 




Supplementary Figure 10: Scatterplots showing the relationship between the NDVI magnitude of change 








Supplementary Figure 11: Scatterplots showing the relationship between the NDVI magnitude of change 




Supplementary Figure 12: Scatterplots showing the relationship between the NDVI magnitude of change 








Supplementary Figure 13: Scatterplots showing the relationship between the NDVI magnitude of change 




Supplementary Figure 14: Scatterplots showing the relationship between the NDVI magnitude of change 








Supplementary Figure15: Scatterplots showing the relationship between the NDVI magnitude of change 




Supplementary Figure 16: Scatterplots showing the relationship between the NDVI magnitude of change 








Supplementary Figure 17: Scatterplots showing the relationship between the NDVI magnitude of change 




Supplementary Figure 18: Scatterplots showing the relationship between the NDVI magnitude of change 








Supplementary Figure 19: Scatterplots showing the relationship between the NDVI magnitude of change 




Supplementary Figure 20: Scatterplots showing the relationship between the NDVI magnitude of change 








Supplementary Figure 21. Maps showing the distribution areas of the forests sampled in Spain 
considering the distribution of the 16 studied tree species. Symbols show sampled sites and green patches 



















Supplementary Figure 23. Box-plots showing the monthly average values of minimum air temperature 










Supplementary Figure 24. Box-plot showing the monthly average values of maximum air temperature 



















Supplementary Figure 26. Box-plots showing the monthly average values of precipitation (mm) 









Supplementary Figure 27. Box-plots showing the monthly average values of climatic balance (mm) 












Supplementary Figure 28: Density plots summarizing the maximum correlations found between the 
sNDVI and the SPEI (January-March). Vertical dashed line represents the threshold for significant 






Supplementary Figure 29: Density plots summarizing the maximum correlations found between the 
sNDVI and the SPEI (April-June). Vertical dashed line represents the threshold for significant 






Supplementary Figure 30: Density plots summarizing the maximum correlations found between the 
sNDVI and the SPEI (July-September). Vertical dashed line represents the threshold for significant 






Supplementary Figure 31: Density plots summarizing the maximum correlations found between the 
sNDVI and the SPEI (October-December). Vertical dashed line represents the threshold for significant 







Supplementary Figure 32: Density plots showing the SPEI time scale at which the maximum correlation 






Supplementary Figure 33: Boxplots showing the maximum sNDVI vs. SPEI correlation as a function of 
the different SPEI time-scales. 
 
Supplementary Figure 34: Boxplots showing the maximum sNDVI vs. SPEI correlation as a function of 







Supplementary Figure 35: Boxplots showing the maximum sNDVI vs. SPEI correlation as a function of 
the different SPEI time-scales. Irrigated lands
 
Supplementary Figure 36: Boxplots showing the maximum sNDVI vs. SPEI correlation as a function of 






Supplementary Figure 37: Boxplots showing the maximum sNDVI vs. SPEI correlation as a function of 
the different SPEI time-scales. Olive groves. 
 
 
Supplementary Figure 38: Boxplots showing the maximum sNDVI vs. SPEI correlation as a function of 






Supplementary Figure 39: Boxplots showing the maximum sNDVI vs. SPEI correlation as a function of 
the different SPEI time-scales. Broad-leaved forests  
 
Supplementary Figure 40: Boxplots showing the maximum sNDVI vs. SPEI correlation as a function of 






Supplementary Figure 41: Boxplots showing the maximum sNDVI vs. SPEI correlation as a function of 
the different SPEI time-scales. Mixed forests  
 
Supplementary Figure 42: Boxplots showing the maximum sNDVI vs. SPEI correlation as a function of 






Supplementary Figure 43: Boxplots showing the maximum sNDVI vs. SPEI correlation as a function of 
the different SPEI time-scales. Sclerophillous vegetation 
 
Supplementary Figure 44: Boxplots showing the maximum sNDVI vs. SPEI correlation as a function of 




















Supplementary Table 3:  Percentage of the total surface area in Spain showing positive or negative, 





(p < 0.05) 
Negative  
(p > 0.05) 
Positive  
(p > 0.05) 
Positive  
(p < 0.05) 
1st Jan 0.0 4.0 32.5 63.5 
2nd Jan 0.2 5.1 28.0 66.7 
1st Feb 0.3 4.4 27.1 68.2 
2sd Feb 0.1 2.8 26.1 71.0 
1st Mar 0.0 3.3 31.7 65.0 
2sd Mar 0.0 4.4 32.8 62.8 
1st Apr 0.0 3.5 30.7 65.8 
2sd Apr 0.0 3.0 26.3 70.7 
1st May 0.0 2.6 24.7 72.7 
2sd May 0.0 1.6 16.9 81.5 
1st Jun 0.0 1.0 14.4 84.7 
2sd Jun 0.0 0.3 11.0 88.7 
1st Jul 0.0 0.3 12.0 87.6 
2sd Jul 0.0 0.1 9.8 90.1 
1st Aug 0.0 0.2 11.6 88.2 
2sd Aug 0.0 0.7 17.2 82.1 
1st Sep 0.0 1.1 22.1 76.7 
2sd Sep 0.0 0.5 20.8 78.7 
1st Oct 0.0 0.8 25.8 73.4 
2sd Oct 0.0 2.3 35.5 62.2 
1st Nov 0.0 1.8 37.0 61.2 
2sd Nov 0.0 2.0 40.6 57.3 
1st Dec 0.0 1.1 30.6 68.3 
2sd Dec 0.0 2.2 32.3 65.4 
 
Supplementary Table 4:  Percentage of the total surface area in Spain showing positive or negative, 
significant or non-significant Pearson’s r correlations between the sNDVI and the SPEI. Irrigated lands 
 
  
 Negative  
(p < 0.05) 
Negative  
(p > 0.05) 
Positive  
(p > 0.05) 
Positive  
(p < 0.05) 
1st Jan 0.1 7.9 47.1 44.9 
2nd Jan 0.5 7.8 43.6 48.2 
1st Feb 0.2 7.3 43.2 49.3 
2sd Feb 0.0 6.1 45.2 48.6 
1st Mar 0.0 9.5 48.2 42.2 
2sd Mar 0.3 13.0 44.0 42.7 
1st Apr 0.0 8.6 35.5 55.9 
2sd Apr 0.0 4.7 25.3 69.9 
1st May 0.0 1.0 13.7 85.3 
2sd May 0.0 0.3 7.2 92.5 
1st Jun 0.0 0.1 2.4 97.5 
2sd Jun 0.0 0.0 1.3 98.7 
1st Jul 0.0 0.0 1.8 98.2 
2sd Jul 0.0 0.0 2.3 97.7 
1st Aug 0.0 0.0 3.5 96.4 
2sd Aug 0.0 0.1 5.6 94.2 
1st Sep 0.0 0.2 9.7 90.1 
2sd Sep 0.0 0.2 12.7 87.1 
1st Oct 0.0 0.5 22.0 77.5 
2sd Oct 0.0 1.1 35.9 63.1 
1st Nov 0.0 3.1 42.7 54.2 
2sd Nov 0.0 3.5 48.5 47.9 
1st Dec 0.0 1.9 40.6 57.5 







(p < 0.05) 
Negative  
(p > 0.05) 
Positive  
(p > 0.05) 
Positive  
(p < 0.05) 
1st Jan 0.0 1.6 32.4 66.1 
2nd Jan 0.0 1.2 29.3 69.4 
1st Feb 0.0 1.1 35.4 63.5 
2sd Feb 0.0 0.9 37.0 62.1 
1st Mar 0.0 3.8 44.8 51.4 
2sd Mar 0.0 6.3 41.2 52.4 
1st Apr 0.0 1.0 33.1 65.9 
2sd Apr 0.0 0.2 14.1 85.7 
1st May 0.0 0.1 9.0 90.9 
2sd May 0.0 0.1 4.4 95.5 
1st Jun 0.0 0.1 5.3 94.6 
2sd Jun 0.0 0.0 1.7 98.3 
1st Jul 0.0 0.0 0.9 99.1 
2sd Jul 0.0 0.0 0.6 99.4 
1st Aug 0.0 0.0 0.8 99.2 
2sd Aug 0.0 0.0 1.9 98.1 
1st Sep 0.0 0.0 4.1 95.9 
2sd Sep 0.0 0.0 2.7 97.3 
1st Oct 0.0 0.1 5.0 94.9 
2sd Oct 0.0 0.2 11.3 88.5 
1st Nov 0.0 0.2 22.7 77.1 
2sd Nov 0.0 0.4 40.3 59.4 
1st Dec 0.0 0.5 40.1 59.3 
2sd Dec 0.0 1.8 45.3 52.9 
 
Supplementary Table 5:  Percentage of the total surface area in Spain showing positive or negative, 




(p < 0.05) 
Negative  
(p > 0.05) 
Positive  
(p > 0.05) 
Positive  
(p < 0.05) 
1st Jan 0.0 2.9 43.1 54.0 
2nd Jan 0.0 1.6 36.4 61.9 
1st Feb 0.0 1.5 31.7 66.8 
2sd Feb 0.0 0.6 24.2 75.2 
1st Mar 0.0 1.5 28.0 70.5 
2sd Mar 0.0 1.5 23.0 75.5 
1st Apr 0.0 0.6 11.9 87.5 
2sd Apr 0.0 0.2 5.7 94.2 
1st May 0.0 0.1 4.6 95.3 
2sd May 0.0 0.0 1.2 98.8 
1st Jun 0.0 0.0 0.9 99.1 
2sd Jun 0.0 0.0 1.7 98.3 
1st Jul 0.0 0.0 2.7 97.3 
2sd Jul 0.0 0.0 2.6 97.4 
1st Aug 0.0 0.0 4.7 95.2 
2sd Aug 0.0 0.1 10.9 89.1 
1st Sep 0.0 0.1 20.2 79.7 
2sd Sep 0.0 0.0 12.6 87.4 
1st Oct 0.0 0.0 4.5 95.5 
2sd Oct 0.0 0.1 6.8 93.1 
1st Nov 0.0 0.2 16.4 83.4 
2sd Nov 0.0 0.5 31.2 68.3 
1st Dec 0.0 0.5 23.4 76.1 
2sd Dec 0.0 1.8 39.6 58.6 
 
Supplementary Table 6:  Percentage of the total surface area in Spain showing positive or negative, 









(p < 0.05) 
Negative  
(p > 0.05) 
Positive  
(p > 0.05) 
Positive  
(p < 0.05) 
1st Jan 0.0 7.7 39.1 53.1 
2nd Jan 0.0 5.7 39.7 54.6 
1st Feb 0.0 5.6 39.0 55.3 
2sd Feb 0.0 6.6 37.4 55.9 
1st Mar 0.0 6.9 38.7 54.4 
2sd Mar 0.1 12.3 34.4 53.1 
1st Apr 0.0 9.6 34.1 56.3 
2sd Apr 0.0 4.0 28.9 67.0 
1st May 0.0 0.9 20.5 78.5 
2sd May 0.0 0.8 15.8 83.4 
1st Jun 0.0 1.6 15.1 83.3 
2sd Jun 0.0 0.6 9.5 89.9 
1st Jul 0.0 0.1 5.4 94.5 
2sd Jul 0.0 0.0 4.2 95.8 
1st Aug 0.0 0.0 5.4 94.6 
2sd Aug 0.0 0.1 8.8 91.1 
1st Sep 0.0 0.6 9.4 89.9 
2sd Sep 0.0 0.4 15.6 83.9 
1st Oct 0.0 1.0 26.4 72.5 
2sd Oct 0.0 1.3 32.1 66.6 
1st Nov 0.0 4.5 37.6 57.9 
2sd Nov 0.0 4.9 42.2 52.9 
1st Dec 0.0 4.1 41.0 54.9 
2sd Dec 0.0 4.1 39.9 56.0 
 
Supplementary Table 7:  Percentage of the total surface area in Spain showing positive or negative, 





(p < 0.05) 
Negative  
(p > 0.05) 
Positive  
(p > 0.05) 
Positive  
(p < 0.05) 
1st Jan 0.2 15.9 45.5 38.4 
2nd Jan 0.2 12.3 49.5 38.0 
1st Feb 0.2 11.3 47.5 41.0 
2sd Feb 0.1 13.2 44.3 42.3 
1st Mar 0.1 13.6 46.7 39.7 
2sd Mar 0.2 17.9 41.8 40.1 
1st Apr 0.0 12.6 45.3 42.0 
2sd Apr 0.0 5.8 42.5 51.7 
1st May 0.0 3.3 33.1 63.5 
2sd May 0.0 2.6 29.1 68.3 
1st Jun 0.0 4.7 25.2 70.2 
2sd Jun 0.0 1.9 18.9 79.2 
1st Jul 0.0 1.0 13.5 85.5 
2sd Jul 0.0 0.2 11.5 88.4 
1st Aug 0.0 0.1 14.1 85.8 
2sd Aug 0.0 0.4 21.0 78.6 
1st Sep 0.0 1.6 20.9 77.5 
2sd Sep 0.0 1.7 28.9 69.5 
1st Oct 0.0 4.4 37.2 58.3 
2sd Oct 0.0 2.9 39.2 57.9 
1st Nov 0.0 7.0 43.6 49.4 
2sd Nov 0.0 8.1 47.7 44.2 
1st Dec 0.0 9.0 46.0 45.0 
2sd Dec 0.1 8.8 51.0 40.1 
 
Supplementary Table 8:  Percentage of the total surface area in Spain showing positive or negative, 










(p < 0.05) 
Negative 
(p > 0.05) 
Positive 
(p > 0.05) 
Positive 
(p < 0.05) 
1st Jan 0.4 15.9 46.0 37.7 
2nd Jan 0.6 15.1 47.0 37.3 
1st Feb 0.3 11.3 45.2 43.3 
2sd Feb 0.2 12.1 45.5 42.2 
1st Mar 0.3 14.2 51.1 34.5 
2sd Mar 0.2 14.0 48.4 37.3 
1st Apr 0.0 10.2 48.7 41.1 
2sd Apr 0.0 4.8 42.2 53.0 
1st May 0.0 2.9 32.7 64.4 
2sd May 0.0 1.4 27.2 71.4 
1st Jun 0.0 1.5 19.9 78.6 
2sd Jun 0.0 0.8 13.6 85.6 
1st Jul 0.0 0.3 9.6 90.0 
2sd Jul 0.0 0.1 7.2 92.7 
1st Aug 0.0 0.1 8.2 91.7 
2sd Aug 0.0 0.5 20.3 79.2 
1st Sep 0.0 1.6 26.4 72.0 
2sd Sep 0.0 0.9 31.3 67.8 
1st Oct 0.0 3.7 37.9 58.3 
2sd Oct 0.0 5.6 42.8 51.7 
1st Nov 0.1 10.8 47.3 41.8 
2sd Nov 0.1 9.5 51.2 39.2 
1st Dec 0.1 9.5 48.0 42.3 
2sd Dec 0.3 10.8 49.2 39.8 
 
Supplementary Table 9:  Percentage of the total surface area in Spain showing positive or negative, 









(p < 0.05) 
Negative  
(p > 0.05) 
Positive  
(p > 0.05) 
Positive  
(p < 0.05) 
1st Jan 0.9 19.6 53.6 25.9 
2nd Jan 1.8 18.4 55.6 24.2 
1st Feb 1.5 17.2 55.5 25.8 
2sd Feb 0.1 17.8 59.8 22.2 
1st Mar 0.1 16.4 62.9 20.7 
2sd Mar 0.8 20.8 60.1 18.3 
1st Apr 0.0 12.7 62.7 24.6 
2sd Apr 0.0 5.4 50.4 44.2 
1st May 0.0 3.5 39.4 57.0 
2sd May 0.0 1.7 31.3 66.9 
1st Jun 0.0 2.8 26.0 71.2 
2sd Jun 0.0 1.9 20.5 77.6 
1st Jul 0.0 0.4 14.4 85.1 
2sd Jul 0.0 0.0 9.7 90.2 
1st Aug 0.0 0.1 10.6 89.2 
2sd Aug 0.0 0.8 21.5 77.6 
1st Sep 0.0 0.9 24.8 74.3 
2sd Sep 0.0 0.9 27.4 71.7 
1st Oct 0.0 4.1 47.2 48.6 
2sd Oct 0.0 6.0 52.8 41.2 
1st Nov 0.1 13.4 47.3 39.1 
2sd Nov 0.1 12.4 57.6 29.9 
1st Dec 0.1 11.9 64.8 23.2 
2sd Dec 0.2 13.4 61.4 25.0 
 
Supplementary Table 10:  Percentage of the total surface area in Spain showing positive or negative, 




(p < 0.05) 
Negative  
(p > 0.05) 
Positive  
(p > 0.05) 
Positive 
(p < 0.05) 
1st Jan 1.7 16.2 34.3 47.8 
2nd Jan 2.0 13.1 33.2 51.7 
1st Feb 1.2 11.5 33.4 54.0 
2sd Feb 1.0 11.8 29.5 57.7 
1st Mar 1.4 12.2 27.6 58.8 
2sd Mar 0.5 13.3 26.5 59.7 
1st Apr 0.0 9.1 25.7 65.2 
2sd Apr 0.0 2.7 23.2 74.1 
1st May 0.0 2.2 16.5 81.3 
2sd May 0.0 1.8 13.7 84.4 
1st Jun 0.0 2.5 10.7 86.7 
2sd Jun 0.0 1.8 7.8 90.4 
1st Jul 0.1 1.4 6.5 92.0 
2sd Jul 0.0 0.8 6.0 93.1 
1st Aug 0.0 0.1 6.8 93.1 
2sd Aug 0.0 0.2 10.8 88.9 
1st Sep 0.0 0.2 12.4 87.3 
2sd Sep 0.0 0.2 13.7 86.0 
1st Oct 0.0 1.4 18.9 79.7 
2sd Oct 0.0 1.7 22.4 75.9 
1st Nov 0.0 6.5 26.7 66.8 
2sd Nov 0.2 6.7 32.0 61.1 
1st Dec 0.3 7.6 28.7 63.4 
2sd Dec 1.3 10.8 36.2 51.8 
 
Supplementary Table 11:  Percentage of the total surface area in Spain showing positive or negative, 









(p < 0.05) 
Negative  
(p > 0.05) 
Positive  
(p > 0.05) 
Positive 
(p < 0.05) 
1st Jan 0.1 7.8 37.4 54.7 
2nd Jan 0.1 6.2 36.9 56.8 
1st Feb 0.1 4.3 35.6 60.0 
2sd Feb 0.0 4.0 33.1 62.9 
1st Mar 0.1 5.0 37.8 57.2 
2sd Mar 0.1 5.7 34.2 60.0 
1st Apr 0.0 5.0 29.8 65.1 
2sd Apr 0.0 1.8 21.5 76.7 
1st May 0.0 1.1 15.1 83.8 
2sd May 0.0 0.4 9.4 90.2 
1st Jun 0.0 0.1 4.0 95.9 
2sd Jun 0.0 0.0 1.8 98.1 
1st Jul 0.0 0.0 1.2 98.8 
2sd Jul 0.0 0.0 1.2 98.8 
1st Aug 0.0 0.0 2.2 97.8 
2sd Aug 0.0 0.1 5.7 94.2 
1st Sep 0.0 0.2 8.8 91.1 
2sd Sep 0.0 0.2 10.7 89.2 
1st Oct 0.0 0.6 15.8 83.6 
2sd Oct 0.0 0.9 21.4 77.8 
1st Nov 0.0 3.1 28.6 68.3 
2sd Nov 0.0 3.2 33.7 63.2 
1st Dec 0.0 2.8 31.5 65.8 
2sd Dec 0.0 4.7 37.4 57.8 
 
Supplementary Table 12:  Percentage of the total surface area in Spain showing positive or negative, 





(p < 0.05) 
Negative  
(p > 0.05) 
Positive  
(p > 0.05) 
Positive 
(p < 0.05) 
1st Jan 0.1 11.7 44.0 44.1 
2nd Jan 0.2 9.9 44.1 45.9 
1st Feb 0.1 6.8 43.4 49.6 
2sd Feb 0.1 6.5 42.6 50.8 
1st Mar 0.1 8.1 45.0 46.9 
2sd Mar 0.2 10.1 42.9 46.8 
1st Apr 0.0 7.7 40.2 52.1 
2sd Apr 0.0 2.9 30.3 66.8 
1st May 0.0 1.9 23.1 75.0 
2sd May 0.0 0.9 17.4 81.7 
1st Jun 0.0 0.8 11.7 87.5 
2sd Jun 0.0 0.5 7.3 92.2 
1st Jul 0.0 0.1 3.7 96.2 
2sd Jul 0.0 0.0 2.6 97.3 
1st Aug 0.0 0.0 3.9 96.1 
2sd Aug 0.0 0.1 8.9 91.0 
1st Sep 0.0 0.3 13.4 86.3 
2sd Sep 0.0 0.2 18.9 80.9 
1st Oct 0.0 1.5 28.5 70.0 
2sd Oct 0.0 2.5 33.0 64.5 
1st Nov 0.0 5.3 37.1 57.6 
2sd Nov 0.0 4.7 43.3 52.0 
1st Dec 0.0 4.5 42.8 52.7 
2sd Dec 0.1 7.0 46.8 46.1 
 
Supplementary Table 13:  Percentage of the total surface area in Spain showing positive or negative, 







Supplementary Figure 45: Relationship between the average aridity (P-ETo) and the maximum correlations obtained between NDVI and the SPEI during the 24 semi-monthly 
periods of the year. Non Irrigated arable lands. Given the high number of points the signification of correlation was obtained by means of 1000 random samples of 30 cases 







Supplementary Figure 46: Relationship between the average aridity (P-ETo) and the maximum correlations obtained between NDVI and the SPEI during the 24 semi-monthly 
periods of the year. Irrigated lands. Given the high number of points the signification of correlation was obtained by means of 1000 random samples of 30 cases from which 







Supplementary Figure 47: Relationship between the average aridity (P-ETo) and the maximum correlations obtained between NDVI and the SPEI during the 24 semi-monthly 
periods of the year. Vineyeards. Given the high number of points the signification of correlation was obtained by means of 1000 random samples of 30 cases from which 







Supplementary Figure 48: Relationship between the average aridity (P-ETo) and the maximum correlations obtained between NDVI and the SPEI during the 24 semi-monthly 
periods of the year. Olive groves. Given the high number of points the signification of correlation was obtained by means of 1000 random samples of 30 cases from which 







Supplementary Figure 49: Relationship between the average aridity (P-ETo) and the maximum correlations obtained between NDVI and the SPEI during the 24 semi-monthly 
periods of the year. Mixed agriculture/natural vegetation. Given the high number of points the signification of correlation was obtained by means of 1000 random samples of 







Supplementary Figure 50: Relationship between the average aridity (P-ETo) and the maximum correlations obtained between NDVI and the SPEI during the 24 semi-monthly 
periods of the year. Broad-leaved forests. Given the high number of points the signification of correlation was obtained by means of 1000 random samples of 30 cases from 







Supplementary Figure 51: Relationship between the average aridity (P-ETo) and the maximum correlations obtained between NDVI and the SPEI during the 24 semi-monthly 
periods of the year. Coniferous forests. Given the high number of points the signification of correlation was obtained by means of 1000 random samples of 30 cases from 








Supplementary Figure 52: Relationship between the average aridity (P-ETo) and the maximum correlations obtained between NDVI and the SPEI during the 24 semi-monthly 
periods of the year. Mixed forests. Given the high number of points the signification of correlation was obtained by means of 1000 random samples of 30 cases from which 







Supplementary Figure 53: Relationship between the average aridity (P-ETo) and the maximum correlations obtained between NDVI and the SPEI during the 24 semi-monthly 
periods of the year. Natural grasslands. Given the high number of points the signification of correlation was obtained by means of 1000 random samples of 30 cases from 







Supplementary Figure 54: Relationship between the average aridity (P-ETo) and the maximum correlations obtained between NDVI and the SPEI during the 24 semi-monthly 
periods of the year. Sclerophillous vegetation. Given the high number of points the signification of correlation was obtained by means of 1000 random samples of 30 cases 







Supplementary Figure 55: Relationship between the average aridity (P-ETo) and the maximum correlations obtained between NDVI and the SPEI during the 24 semi-monthly 
periods of the year. Transition wood-scrub. Given the high number of points the signification of correlation was obtained by means of 1000 random samples of 30 cases from 







Supplementary Figure 56: Relationship between the average temperature and the maximum correlations obtained between NDVI and the SPEI during the 24 semi-monthly 
periods of the year. Non Irrigated arable lands. Given the high number of points the signification of correlation was obtained by means of 1000 random samples of 30 cases 







Supplementary Figure 57: Relationship between the average temperature and the maximum correlations obtained between NDVI and the SPEI during the 24 semi-monthly 
periods of the year. Irrigated lands. Given the high number of points the signification of correlation was obtained by means of 1000 random samples of 30 cases from which 







Supplementary Figure 58: Relationship between the average temperature and the maximum correlations obtained between NDVI and the SPEI during the 24 semi-monthly 
periods of the year. Vineyeards. Given the high number of points the signification of correlation was obtained by means of 1000 random samples of 30 cases from which 







Supplementary Figure 59: Relationship between the average temperature and the maximum correlations obtained between NDVI and the SPEI during the 24 semi-monthly 
periods of the year. Olive groves. Given the high number of points the signification of correlation was obtained by means of 1000 random samples of 30 cases from which 







Supplementary Figure 60: Relationship between the average temperature and the maximum correlations obtained between NDVI and the SPEI during the 24 semi-monthly 
periods of the year. Mixed agriculture/natural vegetation. Given the high number of points the signification of correlation was obtained by means of 1000 random samples of 






 Supplementary Figure 61: Relationship between the average temperature and the maximum correlations obtained between NDVI and the SPEI during the 24 semi-monthly 
periods of the year. Broad-leaved forests. Given the high number of points the signification of correlation was obtained by means of 1000 random samples of 30 cases from 






 Supplementary Figure 62: Relationship between the average temperature and the maximum correlations obtained between NDVI and the SPEI during the 24 semi-monthly 
periods of the year. Coniferous forests. Given the high number of points the signification of correlation was obtained by means of 1000 random samples of 30 cases from 






 Supplementary Figure 63: Relationship between the average temperature and the maximum correlations obtained between NDVI and the SPEI during the 24 semi-monthly 
periods of the year. Mixed forests. Given the high number of points the signification of correlation was obtained by means of 1000 random samples of 30 cases from which 







 Supplementary Figure 64: Relationship between the average temperature and the maximum correlations obtained between NDVI and the SPEI during the 24 semi-monthly 
periods of the year. Natural grasslands. Given the high number of points the signification of correlation was obtained by means of 1000 random samples of 30 cases from 







 Supplementary Figure 65: Relationship between the average temperature and the maximum correlations obtained between NDVI and the SPEI during the 24 semi-monthly 
periods of the year. Sclerophillous vegetation. Given the high number of points the signification of correlation was obtained by means of 1000 random samples of 30 cases 







 Supplementary Figure 66: Relationship between the average temperature and the maximum correlations obtained between NDVI and the SPEI during the 24 semi-monthly 
periods of the year. Transition wood-scrub. Given the high number of points the signification of correlation was obtained by means of 1000 random samples of 30 cases from 






Supplementary Figure 67: Box-plots showing the values of aridity (P-ETo) for areas showing maximum correlation 
between SPEI and sNDVI on different time scales. Non irrigated arable lands. 
 
Supplementary Figure 68: Box-plots showing the values of aridity (P-ETo) for areas showing maximum correlation 






Supplementary Figure 69: Box-plots showing the values of aridity (P-ETo) for areas showing maximum correlation 
between SPEI and sNDVI on different time scales. Vineyards. 
 
Supplementary Figure 70: Box-plots showing the values of aridity (P-ETo) for areas showing maximum correlation 






Supplementary Figure 71: Box-plots showing the values of aridity (P-ETo) for areas showing maximum correlation 
between SPEI and sNDVI on different time scales. Mixed agriculture/natural vegetation. 
 
Supplementary Figure 72: Box-plots showing the values of aridity (P-ETo) for areas showing maximum correlation 






Supplementary Figure 73: Box-plots showing the values of aridity (P-ETo) for areas showing maximum correlation 
between SPEI and sNDVI on different time scales. Coniferous forests. 
 
 
Supplementary Figure 74: Box-plots showing the values of aridity (P-ETo) for areas showing maximum correlation 






Supplementary Figure 75: Box-plots showing the values of aridity (P-ETo) for areas showing maximum correlation 
between SPEI and sNDVI on different time scales. Natural grassland. 
 
Supplementary Figure 76: Box-plots showing the values of aridity (P-ETo) for areas showing maximum correlation 






Supplementary Figure 77: Box-plots showing the values of aridity (P-ETo) for areas showing maximum correlation 
between SPEI and sNDVI on different time scales. Transition wood-scrub. 
 
Supplementary Figure 78: Box-plots showing the values of average air temperature for areas showing maximum 






Supplementary Figure 79: Box-plots showing the values of average air temperature for areas showing maximum 
correlation between SPEI and sNDVI on different time scales. Irrigated lands. 
 
Supplementary Figure 80: Box-plots showing the values of average air temperature for areas showing maximum 






Supplementary Figure 81: Box-plots showing the values of average air temperature for areas showing maximum 
correlation between SPEI and sNDVI on different time scales. Olive groves. 
 
Supplementary Figure 82: Box-plots showing the values of average air temperature for areas showing maximum 






Supplementary Figure 83: Box-plots showing the values of average air temperature for areas showing maximum 
correlation between SPEI and sNDVI on different time scales. Broad-leaved forests. 
 
Supplementary Figure 84: Box-plots showing the values of average air temperature for areas showing maximum 






Supplementary Figure 85: Box-plots showing the values of average air temperature for areas showing maximum 
correlation between SPEI and sNDVI on different time scales. Mixed forests. 
 
Supplementary Figure 86: Box-plots showing the values of average air temperature for areas showing maximum 






Supplementary Figure 87: Box-plots showing the values of average air temperature for areas showing maximum 
correlation between SPEI and sNDVI on different time scales. Sclerophillous vegetation. 
 
Supplementary Figure 88: Box-plots showing the values of average air temperature for areas showing maximum 
correlation between SPEI and sNDVI on different time scales. Transition wood-scrub. 
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